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Abstract

Safe learning in robotics aims to deploy robots in real life with complex tasks and
safety requirements. To push the agenda of safe learning, a crucial step is establishing
common benchmarks that facilitate both reliable evaluations and research develop-
ment. In this work, we contribute towards this goal by surveying the safe learning lit-
erature and proposing a versatile safe learning benchmark suite, safe-control-gym.
The benchmark implements a variety of safe learning algorithms spanning control to
reinforcement learning, it also implements critical features to support safety-relevant
evaluations and algorithm development. With safe-control-gym, we conduct care-
ful benchmarking on model-free reinforcement learning methods with respect to three
metrics of safety: constraint satisfaction, robustness, and transfer performance. We
envision safe-control-gym to provide a framework that brings various research to-

gether, and most importantly to accelerate the progress of safe learning in robotics.
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Chapter 1
Introduction

Reinforcement Learning (RL) in robotics has achieved remarkable success in recent
years, pushing the boundaries of complex control tasks and bringing their real-life
applications up on the agenda. Despite the prosperity in development, concerns are
raised regarding the reusability of various RL works which are often designed for spe-
cific environments or objectives. To address such concerns, an important approach is
setting up a common benchmark to facilitate cross-algorithm evaluations. Existing
literature has shown many examples of success such as the KITTI Vision Bench-
mark [29] and DeepMind MuJoCo Control Benchmark [65]. There also has been a
running effort to develop high-quality datasets and benchmarks for machine learning

research, bringing broader impact even to conference venues [67].

On the other hand, safety is essential for robot operations. Recent works in RL has
upweighted the importance of ensuring safety in their learning frameworks |28, 5, 6].
Safety requirements also differ based on the target scenrios. Among them, the most
straight-forward metric is constraint satisfaction, which has wide popularity and has
motivated plenty of works in safe RL. Robustness is another common metric from a
broader sense of safety, which focuses on maintaining optimal performance despite
the presence of disturbances. Yet another related metric is transfer performance,
which evalutes a policy against more drastic environment variations. The works of
Sim2Real [64, 10] is representative in transfer learning for RL, also bearing great

potential in pushing RL to real-world robotics.

In this work, we explore the joint topic of benchmarking and safe learning for RL in
the domain of robotics. In contrast to other works that push for the state-of-the-art

(SOTA) performance in a particular setting, we focus on building up tools to facilitate
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safe learning, designing common comparisons of control algorithms, and inspecting
their quantitative differences in the aforementioned safety metrics: constraint sat-
isfaction, robustness and transfer performance. To cover a wider range of target
scenarios but without the expensive cost in design iterations, this work makes use of
simulation environments in PyBullet [16] for both training and evaluation. Lastly,
this work is compiled in an open-source software stack named safe-control-gym!,
which includes the collection of implementations, experiments and other resources to

facilitate future research in safe-learning benchmark in robotics.
Injecting System Uncertainties —E—

X
S 7
S : /
N =
Specifying Symbolic
Models and Constraints
B

Figure 1.1: Example benchmarks for machine learning and robotics. Left: KITTIL.
Mid: DeepMind Control Suite. Right: Safe-control-gym

1.1 Background

Safe learning in robotics is at the intersection of multiple lines of research, and bench-
marking them is non-trivial due to the differences in algorithm assumptions and tar-
geted scenarios. An example is the accessibility of system information, where control-
oriented approaches such as linear-quadratic regulator (LQR) and model predictive
control (MPC) often assume prior models of system dynamics and more data-driven
approaches like model-free RL only rely on input-output data from the system. This
poses a challenge for the benchmark design which should ideally provide the support
to these different approaches. To address the challenge, we conduct an extensive lit-
erature review and contribute towards a recent safe-learning review for robotics (8],
from which the benchmark is based on in terms of the common language for problem

formulation and the choice of representative baselines for comparison.

Furthermore, the proposed benchmark or safe-control-gym, is inspired from several
other RL benchmark projects covered in Section 2.1. Specifically, the work of Real-
World RL Suite (RWRL) [22, 21| is the cloest to ours, which aims to identify key
challenges in RL for real-world use and performs some initial benchmarking. Our work

partially overlaps with RWRL in evaluation metrics, but greatly extends both the

LURL link: https://github.com/utiasDSL/safe-control-gym
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testing environments and control baselines for benchmarking. In addition, we adopt
the PyBullet physics engine instead of MuJoCo in RWRL, which has the advantage of
being fully open-source (at the time of development?) and having wider customized
usage. A description of safe-control-gym as well as the benchmarking results it

facilitates are compiled in another recent work of ours [73].

1.2 Contributions

This work focuses on benchmarking RL algorithms in the context of safe learning in

robotics, with contributions summarized as follows:

e a novel benchmark suite for safe learning control, with environments and utilities

to support development of safety-aware algorithms.

e baseline implementations of representative control approaches, including stan-
dard control, safe learning-based control, safe RL, robust RL and RL with

transfer learning.

e benchmark results and analysis with respect to typical safety metrics: constraint

satisfaction, robustness and transfer performance.

To highlight, our effort in safe learning for robotics has led to two published works:
the safe learning survey [8| in Annual Reviews and the safe-control-gym paper [73|
in IROS/RAL. The thesis is based on these publications but focuses on the selected
personal controbutions which include the overall design of the software suite, devel-

opment, and benchmarking of RL agents in various safety contexts.

To further clarify the connection between the aforementioned publications and this
thesis, Chapter 2 expands on Section 3.2 of the survey [8] about safety in RL. Chap-
ter 3 builds upon the safe-control-gym paper [73] but further elaborates on the bench-

mark design and safety comparisons between control and RL approaches.

Lastly, Chapter 4 covers unpublished work that includes newer, more in-depth bench-
marking results on a set of model-free approaches from safe RL, robust RL and trans-
fer learning. Detailed analyses are also performed on selected classes of methods to

guide future practices on RL for safe robotics.

2MuJoCo also becomes fully open-source as of May, 2022.



Chapter 2

Related Work

Reinforcement learning (RL) is a learning framework for decision making. In RL, a
task is defined as a Markov Decision Process (MDP) [4] denoted M = (S, A, P, r, iu,7),
where the elements represent state or observation space, action space, transition dy-
namics, reward function, initial state distribution and discount factor. RL learns
the optimal policy as a mapping 7 : S x A — [0, 1] with respect to the expected
return J(m) = E;[>°,7'r(si, a;)]. Typical RL methods fall under several categories:
value-based, policy gradient and actor-critic. Deep RL uses neural networks to fur-
ther augment these methods for more flexible parameterization and learning. In the
following, we cover the related works to benchmark design in RL and safe control
in RL, a more general and comprehensive description of safe-learning control can be

found in our published review [§|.

2.1 RL Benchmarks

Benchmarks are designed for a particular problem formulation of interest and provide
common evaluation protocols for similar algorithms, often serving as the cornerstone
that greatly advances related research. Well-known examples such as ImageNet [18|
in computer vision and KITTI [29] in autonomous driving have lead the momentum
in developing high-quality benchmarks and datasets for machine learning. The RL
and control community have also seen a rise of benchmark projects that specialize
in different directions of policy learning, for example, RL benchmark for continu-
ous control [20], model-based RL benchmark [70], unsupervised RL benchmark [39],
and offline RL benchmark [32]. Among them, the safe RL benchmarks [40, 54, 22,
21] are the most related to our work but not without distinctions. Concretely, the

work [40] uses grid-world environments which remain too simple for robotic tasks.
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Safety Gym [54] mostly focuses on safe exploration but only on navigation tasks, and
only tests with a narrow set of baselines. Real-world RL Suite (RWRL) [22, 21] builds
upon the MuJoCo benchmark and has a diversity of testing scenarios, ranging from
different tasks to different safety settings; yet the tested baselines are safety-agnostic
which are less informative in safety comparison and harder to reuse for extension.
Compared to RWRL, our work further includes other common robotics tasks and
provides a set of representative control baselines that target different safety require-
ments, making not only flexible benchmark environments but also reusable algorithm
implementations for related research. Notably, our work is compatible with other RL
baseline projects such as garage [15], RLIlib [41] and Stable-Baselines3 [52], which can

be used as alternatives to develop the equivalent safe control baselines.

Furthermore, proper metrics are essential for benchmark evaluations since they re-
flect prior knowledge in the problem and encode the desired behaviors of good control
policies. Common RL methods are often evaluted with the expected return, which
could be limited, for example, in safety-critical tasks that require high confidence
of good performance. To mitigate this, recent works have proposed diverse metrics
for RL performance, aiming to build a more comprehensive profile. The work [48]
introduces bsuite which evaluates RL agents based on robustness to noisy rewards,
exploration efficiency, scalability and more. The work [9] proposes risk-aware per-
formance metrics based on inter-quartile range and conditional value at risk of the
returns. RWRL [22, 21| also includes multiple metrics designed for practical RL, such
as inference speed, explainability and robustness to various noises. Since our work
targets safe-learning which has various requirements, naturally we also use different
metrics — constraint satisfaction, robustness and transfer performance, to evaluate
control policies. But since not all policies are trained to maximize all the metrics, we

only benchmark those that fit in the corresponding category.

2.2 Safe RL

RL with constraints is often modeled as a Constrained Markov Decision Process
(CMDP) [2] denoted by (S, A, P,r, u,7,c,d), where ¢ is the constraint function and
d is the threshold to the total constraint cost J.(m) = E.[>,v'c(s;, a;)], both ¢, d
can be vector-valued to represent multiple constraints. CMDP then solves a con-
strained optimization problem max, J(m) s.t. J.(7) < d. To tackle this problem, a

direct approach is to apply the Lagrangian method and transform into unconstrained



CHAPTER 2. RELATED WORK 6

optimization [11, 42|. However, a key issue in safe RL is to avoid or reduce constraint
violations during learning, and the Lagrangian method cannot guarantee it. Further-
more, typical RL methods in continuous control rely on sampling-based updates. In
order to ensure safety during each learning update, the constraint cost will raise an

off-policy evaluation problem which is known to be challenging.

Subsequent safe RL works address these problems in different ways. In CPO [1], the
authors leverage surrogates to the expected return and constraint cost to derive track-
able policy updates that ensure monotonic policy improvement and near constraint
satisfaction. In works [12, 13|, Lyapunov functions are used to transform the total
constraint cost into step-wise constraints that allow more efficient evaluation. But a
baseline policy that satisfies the constraints are required. In BVF [56], the total con-
straint cost is decomposed into a forward and a backward value function, which are
learned jointly with typical Temporal Difference (TD) algorithms and used to impose
the total constraint cost constraint. These methods all share the common technique
of approximating the total constraint cost with a constraint value function similar to
the value functions V' (s), Q(s,a) in RL. Hence they allow efficient estimation given
only single-step information which alleviates the off-policy evalution problem, and at
the same time ensures approximately safe policy updates by enforcing the learned

constraint value function to stay within given threshold.

Another popular approach to enforce constraint satisfaction is to use safety filters.
A typical filter works by tranforming output from a potentially unsafe policy to a
safe action with the least modification. An example in control is using control barrier
functions (CBF) [61] in the filter, and in RL using a learned, linearized constraint
function in the filter as in the Safety Layer [17]. In addition, the filter can also
incorporate learnd constraint value function, or safety critic Q7(s,a) as called in
SQRL [59], Recovery RL [62] and CSC [6]. The basic form of the filter is to accept a
proposed action a ~ m(-|s) if it is constraint satisfying Q7 (s, a) < d, otherwise resort

to a fallback action which is produced by different schemes across these works.

2.3 Robust RL

Safety in RL can also be encouraged by enforcing robustness from different perspec-
tives. Omne view of robustness is against performance variance due to the intrisic
stochasticity of the policy or the environment. Viewing the RL return as a random

variable, this modifies the goal of RL from maximizing the mean value to another
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measure that should capture both mean and variability of the return distribution.
The resulting policy will then concentrate on region of high returns. Another view
pursues robustness with respect to worst-case performance, typically with noise or
disturbances in the system. This can be formulated as a min-max optimization prob-
lem max, minger J(7, f) where f is the disturbed dynamics from a given class F to
be robust against. Other views of robustness include learning stability, sensitivity to
parameters and generalization within similar tasks. In short, a robust RL or risk-
aware RL agent is often based on one or more of these perspectives. For example,
in CARL [74] and SAVED [63], a model-based RL algorithm using probabilistic en-
semble model [14] is adapted to estimate the probability of collision during planning,
hence reducing the risk of unsafe behaviors. In WCPG [60] and ORAAC [66], dis-
tributional RL is used to represent the return distribution. They then optimize with
a risk measure called Conditional Value-at-Risk (CVaR) [11] that captures the lower

percentile of returns, which is equivalent to improving worst-case performance.

A specific formulation of robust RL against worst-case scenario is adversarial RL.
Similar to a Generative Adversarial Network (GAN) [30], there is a protagnist and a
advesary agent. In adversarila RL, the protagnist learns to maximize the expected
return while the adversary learns to inject harder disturbances to the system, the two
agents are updated alternatively. RARL [51] is an instantiation of such approach,
and models the adversary as disturbance forces on the robot. The work [49] uses
value function ensembles to define a risk-aware objective, which the protagnist and
adversary seek to optimize in opposite directions. Another later work [68] extends
RARL by using multiple adversaries to prevent the protagnist from overfitting to a

single mode of disturbance.

Domain randomization (DR) is also a popular method for achieving robustness in RL.
The idea is to train the RL agent under randomized variations of a nominal system
such as changing robot inertial properties, friction coefficients or visual scenes, hence
forcing the agent to have good generalization. This approach can operate with any
off-the-shelf RL algorithm and greatly benefit from the recent development of parallel
computing. But some notable downsides include domain-specific knowledge to design
the system randomization, large amount of training resources and lots of manual
tuning. In addition, DR might result in conservative policies that compromise task
performance in exchange for generalization, which is not always desired. Despite
these, DR has shown many success in practice, ranging from quadrotor flight [55, 43]

to manipulator tasks [64, 10]. Other works |53, 46| replace the uniform randomization
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strategy with more informative, guided randomization that restricts the search space

to speed up learning and reduce conservatism.

2.4 Transfer Learning

Transfer learning in RL aims to learn a policy for a target domain by training or
reusing data from one or more source domains. It is often assumed that the target
domain is expensive or difficult for data collection such as real-life robotic platforms,
while the source domain is easily modifiable and can generate excessive training data,
as in the case of simulators. In RL for robotics, simulators are a powerful tool to
accelerate learning, but they are not perfect in modeling real-life dynamics. This
reality gap [47] must be considered and a common practice with transfer learning is
to pre-train a policy extensively in simulators, then fine-tune on the actual robot with
a limited budget. Such process can go through further iterations to slowly imporve
the policy and reduce the reality gap. If one aims to push RL for real-life robots,
transfer learning will be a necessary component and hence, benchmarking transfer
learning techniques will also be an integral part of safe learning in RL. Specifically,
we focus on domain adaptation, where the RL agent mainly learns from source data

but can also query a limited amount of target data to adapt its behavior.

Given some target data and a simulator used for training, a natural idea is to adapt
the simulator so it mimics the target dynamics as close as possible. System identifi-
cation can help in finding the best simulator parameters that match the target data,
but it is limited when the reality-gap is beyond parameter mismatch. To fix this, a
common approach in transfer learning is to augment the simualtor with neural net-
works, such that they learn a more flexible class of model mismatch. Using this idea,
SimGAN [38] learns state-action conditional functions of the parameters. GAT [35]
and GARAT [19] learn an action transformation on top of the simualtor, such that
the combined dynamcis matches the real one. Furthermore, adapting the simula-
tor requries a similarity measure between source and target data, which will serve
as either a regression loss or RL reward for learning. GAT optimizes for maximum
likelihood of the target data conditioned on the simulator as the similarity measure.
SimGAN and GARAT instead adopt a distribution matching approach, implemented
as a discriminator that are optimized to distinguish between source and target data.
MATL [72] and DARC [23] also leverage distribution matching but use the similarity

measure directly as a reward shaping term, avoiding the need to adapt the simualtor.
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Besides, domain randomization can also make use of the similarity measure given
access to target data. SimOpt [10] and ADR [46] leverage this idea to effectively
produce better randomizations for learning a robust policy. Although DR does not
adapt to a particular target environment, the learned policy could still generalize to
the target given sufficient similarity to the randomized systems it has trained on. So

DR is also a common baseline for benchmarking transfer performance.



Chapter 3
Benchmark Design

This chapter introduces safe-control-gym as the primary benchmark suite for safe-
learning in robotics and is based on our paper [73]. Among the aforementioned related
works in Section 2.1, we have not found one that completely satisfy our requirements
for implementing and benchmarking the various safe-learning approaches. RWRL [22,
21] is the cloest to this purpose, but it also has several limitations considering: (i) the
lack of utility support such as prior models and symbolic optimization for control-
oriented approaches; (ii) the given robots and tasks are mainly suitable for simulation,
lacking support to real-life robotics. Hence, we are motivated to develop a new

benchmark that better cover our needs.

3.1 Preliminaries

A widely used standard for RL environment design is the OpenAl Gym interface |7],
which defines a basic framework on the agent-environment loop helping to decouple

implementations. A gym environment includes the common elements:

e observation space, action space define the types and ranges of state or

observation from the environment output and action from the RL agent output.
e reset() implements initialization of the environment.
e step() implements forward dynamics of the environment given action input.

e render() implements an optional display of the current environment.

To facilitate high-fidelity simulation of robot dynamics, safe-control-gym uses Py-
Bullet [16] to build the learning environments. URDF files are used for robot speci-

fications, which are easily reusable with ROS [45] for real-world experiments.

10
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3.2 Core Features

To support development of various safe learning approaches as mentioned in Sec-
tion 2.2, 2.3, 2.4, safe-control-gym implements a set of features augmenting the
basic Gym environments. Although this work focuses on comparing RL methods,
the benchmark is applicable to traditional control and safe-learning-based control as
well. These methods have long been tackling the problem of safety and have mature
usage in pratical robotic systems, unlike RL that often falls short due to the high
data demand and lack of guarantees. Hence, the design of safe-control-gym also
takes into account of the control-oriented approaches, and subsequent comparisons

also include them as they are valuable baselines.

Table 3.1: Feature comparison of safe-control-gym and other safety-focussed rein-
forcement learning environments, taken from our work [73].

Physics Renderin, Uncertain . . Gym  Symbolic
Ve M8 Robots  Tasks " Constraints Disturbances ~,~ Y
Engine  Engine Conditions API API
safe-control-gym Bullet TinyRenderer, Cart-pole, Stabilization, Inertial State, Input State, Input, Yes Yes
OpenGL Quadrotor Traj. Param., Dynamics
Track. Initial State
ai-safety-gridworlds [40] n/a Terminal n/a Grid Initial State, State Dynamics, No No
Navigation Reward Adversaries
safety-gym [54] MuJoCo OpenGL Point, Car, Goal, Initial State State Adversaries Yes No
Quadruped Push,
Button
realworldrl-suite [22, 21] MuJoCo OpenGL Humanoid, Swing-up, Inertial State State, Input, No No
Cart-pole, ‘Walk, etc. Param., Reward

etc. Initial State

Symbolic Models: We augment each environment with prior models on the system
dynamics, cost function and state-action constraints implemented with CasADi [3], an
open-source symbolic framework with a rich toolbox of nonlinear optimization tech-
niques. The symbolic priors, along with other crucial information such as initial state
and task references are returned upon environment reset. We further pre-compute
some common functions of interest for downstream implementations such as dynamics
integration (both discrete and continuous), dynamics linearization, cost gradient and
hessian. With these, it is then easy to construct a safe control objective and leverage

existing optimizers as done in many control approaches.

Constraints: Each environment is also augmented with the ability to specify and
evaluate constraints c¢(s,a). Specifically, the environment observation space and ac-
tion space are used to define default state and input constraints. Additional con-

straints can be defined in environment configuration. Each constraint is implemented
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with a slack parameter for constraint relaxation or tightening, a symbolic model for
CasADi optimization, and various function templates such as linear, bounded and
quadratic. Notably, the same constraint specification can be used in the control al-
gorithm where custom constraints are needed for optimization. At each environment
step, the current constraint values and any possible constraint violation are returend
as auxiliary information for the next policy control step, the violation signal is also
used to determine episode termination, and the constraint values are used for reward
shaping if enabled. The overall constraint API should ideally capture most usage in

both control-oriented approaches as well as safe RL approaches.

Disturbances: Various types of disturbances can be applied to the environment. Al-
though it is difficult to capture all the differences between a simulation environment
and its corresponding real-world setup, we include a representative set of disturbances
that appear most often in our benchmark baselines: initial state randomization, sys-
tem parameter randomization, observation noise, action noise and external forces.
Specifically, the randomizations are implemented with configurable distributions in
environment arguments, providing the support for domain randomization approaches
as well as benchmarking for transfer learning methods. The noise disturbances also
come with configurable function templates to support gaussian noise, uniform noise,
step noise and impulse noise. The external force disturbance is implemented via
PyBullet API and is environment-specific. Moreover, the noise and external force
disturbances can be set outside of the environment, which is designed for adversar-
ial training. The overall disturbance API also serves to enable implementation and

comparison of robust control and robust RL approaches.

Configuration: To configure the aforementioned safety options of the environment,
safe-control-gym uses a YAML-based configuration system that manages all the
experiment parameters for both the learning agent and the environment. The system
merges several sources of parameters per experiment, including default parameters
for the agent or environment, overriding parameters as additional YAML files and
overriding parameters as command line arguments. This provides great flexiblity in
fast iteration as well as support for reproducibility, while not restricting to a rigid

format. Example configuration files can be seen in Figure 3.1.



CHAPTER 3. BENCHMARK DESIGN 13

task config: algo config:
cost: quadratic # The reward function. # model args
ctrl_freq: 50 hidden _dim: 64

# The control input frequency. # runner args
pyb_freq: 1000 max_env_steps: 1000000

# PyBullet ’s stepping freq. warm_up_steps: 1000
constraints: rollout batch size: 4

# Constraints on the system.

— constraint_form: bounded_constraint task _config:

lower _bounds: [—-1, —0.2, —0.3, —0.05] ctrl_freq: 50

upper_bounds: [1, 0.2, 0.3, 0.05] pyb_freq: 1000
constrained _variable: STATE episode_len_sec: 5

disturbances: normalized _rl_action_space: True
# Disturbances on the system. info_in_reset: True
observation: # task

— disturbance_func: white_noise task: stabilization

std: 0.05 cost: rl_reward

Figure 3.1: Example configurations in YAML format.

3.3 Software Architecture

Along with the core features, safe-control-gym provides implementation of a set of
benchmark environments and baseline controllers. The environments subclass from
the Gym API and are configured to use the safe learning utilities described in Sec-
tion 3.2. The controllers define the learning loop given collected data. Since the
modules for environments and controllers are decoupled, other external packages for
RL baselines such as garage [15] and Stable-Baselines3 [52] can be used as alterna-
tives. Data collection is done by the agent-environment interaction loop as in common
RL. But the control agent is provided with additional information during initial reset

and each subsequent step to facilitate safe decision making.

Moreover, we explicitly distinguish between the control frequency (fet1) and simula-
tion frequency (fpys) by allowing them to be configured in environment arguments.
Each control step can correspond to multiple simulation steps taken by the physics
engine, which helps to tune the discretization of dynamics and also helps to trade-oft
agent inference time. In case of MPC-based algorithms, planning at each step often
involves expensive look-ahead operations of the dynamics and cost, but can be allevi-
ated by lowering the control frequency. This also raises an issue for fair benchmarking
given baseline controllers operating in different frequencies. To address this in experi-
ments, we fix the simulation frequency of environments and scale the per-step rewards
accordingly for each baseline to account for different control frequencies. The same

operation is applied to other safety metrics such as episodic constraint violations.

Robot and scene description are defined using URDF files, which are included as



CHAPTER 3. BENCHMARK DESIGN 14

environment assets. The adversarial agent sets disturbances from outside the envi-
ronment, and can be implemented as a separate controller with its own learning loop.
Figure 3.2 provides an overview of the software architecture and the aforementioned

design details.

controller safe-control-gym environment
r N r N N
models .reset () constraints
- - Symbolic Randomize o . Symbolic -urdf
L . QO CasADi Vo dels Tnitial_State QoCasADi Wiodels | |« Robot
carning — " Inertial Properties N C.
Generate
Cost_Function ¢——I Task Reference I |
Implementations
action
Control: T \ - Step ( ) / ) EEEEE—
« LQR, .. Tnput .
Learning-based Control: Control-loop Frequency: fesry Disturlla)anceﬂ > =. Bullet - (optlonal)
- GPMPC, .. - - m” Physics || Dynamics 1| | A4uercarial
Reinforcement Learning: obs, reward, done Estimation Disturbances
. PPO, SAC, .. info: ; <]  Simulation @ Agent
nt_violations Disturbances
L J \ J

Figure 3.2: Block diagram of safe-control-gym software suite from our work [73].

3.3.1 Environments and Tasks

The current safe-control-gym contains a CartPole environment and a Quadrotor
environment. Both are commonly used environments in RL and control, with the
advantages of i) they allow simple torque-based control from observed states, which
helps in benchmarking the variable factors in safety performance compared to com-
plex domains such as high-dimensional or vision-based control; ii) they come with
tractable dynamics model that can be used as priors, which play an important role
in facilitating safety and allow comparison of both RL approaches and traditional
control; iii) they support different control tasks which are also practical for real-life
setup. This enables the benchmark to connect with real robots which is useful for

converting the benchmark results to deployment.

CartPole: The system consists of an actuable cart on a rail, with a pole attached
via a prismatic joint. The cart has mass m., the pole has mass m, and length 21.
The gravitational constant is g. The state of system is x = [z, , 0, Q]T, where x is
position of cart along the rail and 6 is angle of pole with respect to the vertical axis,
the dotted quantities are velocities. The action input of the system is the 1D force

u = F on the cart’s center-of-mass (CoM). The equation of motion is given in [26] as
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o F +myl(6%sin 6 — 6 cos 0)

(3.1a)

(3.1b)

CartPole domain implements the stabilization task and rewards a control agent by
keeping the pole upright at the origin. To accommodate both control and RL ap-
proaches, we use the negative quadratic cost as reward but allow algorithm-specific
reward shaping, for example, control approaches often tune the quadratic weights

Q, R and RL approaches often apply normalization on rewards.
r=x; Qx; + u] Ry, (3.2a)

For interfacing the control agent, CartPole uses direct state as observation and
continuous action, which is preprocessed (with clipping and rescaling) before being fed
to the simulation. Depending on where the pole is initialized, CartPole stabilization
can be further divided into two tasks, the normal stabilization task with |6y < 7/2

and the harder swing-up task otherwise.

Quadrotor: The Quadrotor domain is based on the gym-pybullet-drones project [50],
and includes several environments with increasing complexity. Each environment uses
the crazyflie drone model with mass m, moment of inertia [ and arm length [. The
drone is commanded via direct thrusts on the four propellers T;, i € {1,2,3,4}.
The 1D quadrotor restricts the drone movement to the vertical z-axis, with state

x = [z, 2]" and action as the total thrust u =7 =Y, T;. The dynamics is then

=T/m—g (3.3a)
The 2D quadrotor constrains the drone on the x-z plane, with state x = [z, Z, 2, £, 0, G]T
where 6 is the pitch angle. The action is the thrust pair on each side of the drone’s
body frame y-axis u = [Ty, Tos]? = [Ty + Ty, Ty + T3]7. Given d = l/\/§ as the
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effective moment arm, the 2D quadrotor dynamics is

T =sinfd (T14 —+ T23) /m (34&)
Z=cosO (Twy+Tos)/m—yg (3.4Db)
0 = (Tvy — Tos) d/ 1, (3.4¢)

The 3D quadrotor allows full flexibility of the drone movement, with state contain-
ing the drone position, linear velocities, orientation (as Euler angles) and angular
velocities in the body frame x = [z,v, 2, 2,9, 2, ¢, 0,1, p, ¢, r]T. The action is the four
motor thrust forces u = [T}, T, T, Ty]*. The full dynamics of 3D quadrotor can be
found in Appendix A.

All the quadrotor environments support stabilization and tracking tasks. For stabi-
lization, the drone is commanded to approach and hover at a given reference state.

For tracking, the drone needs to follow a sequence of reference states. Similarly, we

ref
)

use the negative quadratic cost with respect to the reference states x;* and actions

ref
)

u;® as the basic reward. The reference states and actions come from a trajectory

generator and they are pre-defined upon episode start.

r=(xi —x)"Qx; — xi) + (w — u) R(w; — uj) (3.5a)
The environments also expose direct state as observation and apply preprocessing to
the input action. Specifically for RL approaches, we either concatenate the current
reference to the state in observation, or use the difference between them; in tracking
task we also enable adding future references or differences to the observation to facili-

tate better planning. Besides, actions are denormalized to center around the hovering

thrust during preprocessing which has been shown to improve learning.
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Figure 3.3: Benchmark environments in PyBullet: Left: CartPole. Right: Quadrotor.

3.3.2 Control Baselines

Guided by the safe-learning review [8|, safe-control-gym implements some of the
represnetative safe-learning approaches. They leverage different utilities from the
environments and cover different aspects of safety in learning, which should ideally

serve as useful baselines for benchmark comparison and future work.

RL baselines: We include PPO [57] and SAC [33, 34] as safety-unaware baselines.
The two algorithms are commonly used in other robotics works as they are simple,
effective and robust for learning. They are also representative in on-policy and off-
policy setting respectively, which are the two main categories of RL. Since both PPO
and SAC are model-free, we additionally include PETS [14]| as a model-based RL
baseline. These methods are not only candidates for benchmark comparisons, but

also the backbone controllers as we develop other safe-learning approaches.

Safe RL: We include a simple safe RL baseline by applying reward shaping to PPO.
Specifically upon constraint violation, a penalty is added to the reward at each step.
We also implement the Safety Layer work [17] with PPO as the underlying agent.
Safety Layer deals with state constraint and learns the linear approximation of the

constraint at the next state with respect to the current state and action during pre-
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training. Then it uses the approximated constraint to filter the PPO output, trans-
forming a potentially unsafe action that might violate constraint at the next state
to a safe action with minimal deviation. Works of [12, 13, 56] transform the CMDP
trajectory constraint into step-based constraint by learning constraint value function,
then a similar action filtering can be applied given there is access to the lineariza-
tion of the transformed constraint. We include these ideas building on SAC. Another
set of related baselines also learn the constraint value function or safety critic but
filter unsafe actions in different ways. We include two recent examples: SQRL and
Recovery RL. In SQRL, action filtering is done via rejection sampling, avoiding any
action with constraint value that exceeds the safety threshold. In Recovery RL, a safe
policy is learned separately and will be resorted to when an unsafe action is proposed.
In addition, the safety critic can also be used in the Lagrangian method as another

simple safe RL baseline.

Robust RL: A common baseline for robust RL is domain randomization, which
can be realized with the disturbance API in safe-control-gym. Aside, we include
two adversarial RL baselines: RARL [51] and RAP [68], we follow the settings in
the original works where RARL uses adversarial disturbance force and RAP uses
adversarial action noise. Both the protagnist and adversary agent use PPO for learn-
ing. Risk-aware learning is also important in robust RL. We include recent works
that are based on distributional RL and the CVaR risk measure: WCPG [60] and
ORAAC [66]. Since we do not focus on the offline learning setting, we use the online
version of ORAAC or simply RAAC.

Transfer Learning: To benchmark transfer performance, we focus on approaches
that tackle domain adaptation. In this setting, the agent is trained with a source
domain and limited data from the target domain, then evaluated in the target do-
main. The ability to adapt to a similar but new environment is important for safe
robot operation, since an increasing number of the RL controllers are trained in sim-
ulation given its benefits in free training data and scalability by parallel compute.
But simulation still cannot model every detail of the real-life dynamics, making RL
controllers brittle to changes between the training and target environments. A com-
mon practice to address this problem is system identification, which we include as a
baseline. We also include domain randomization as it has been proved to be a decent
baseline in the transfer setting. For more advanced techniques, we look into transfer
via distribution matching. We adapt SInGAN [38] as a baseline that makes use of

simulator as prior model, and learns to augment the simulator with highly flexible
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neural-network-based functions. We also include GAT [35] and GARAT [19] which
learn an action transformation on top of the simulator, that serves to produce similar
dynamics from the target domain. Furthermore, we add DARC [23] to the list. Un-
like previous two transfer baselines, DARC does not try to augment the simulator,
but instead use reward shaping that encourages agent learning to favor good transfer
performance. Notably, SinGAN, GARAT and DARC all leverage a discriminator
to facilitate distribution matching. This is done via adversarial learning, where the
discriminator is optimized to distinguish between source data and target data; while

the agent is optimized to produce similar data in either domains.

Control-oriented: In additional to the many RL baselines, we also include ap-
proaches from traditional control such as LQR, Model-Predictive-Control (MPC),
and some recent works in safe-learningb-based control where applicable for compar-
ison. For example, GP-MPC [37| learns a Gaussian Process on top of the prior
dynamics model, thus overcoming the initial imperfect knowledge. It can be used to
benchmark both constraint satisfaction and robustness; if the GP is allowed to fine-
tune given target data, it is applicable in transfer settings as well. Besides GP-MPC,
learning-based Control Barrier Functions (CBF) [61] is another related baseline for
constraint satisfaction that does action filtering similar to Safety Layer. Again, we
use an underlying PPO agent that can output unsafe actions, and apply the learned

CBF to produce safe actions.

A summary of the aforementioned baseline agents is shown in Figure 3.4. Although
the list is currently limited, there is an active effort to include more approches in safe-
control-gym and to push for other safe-learning scenarios, such as those suggested

in the review [§].

safe-control-gym Baselines

///\\\

( Transfer Learning ) C Robust RL Safe RL Control ) (Safe Learning Control)
[Domain - Logangin LQR/LaR
‘domization ‘ .{ Method ‘ Q /I @ GEEMEG
Distribution Control Barrier
Matching: L Adversarial RL: i Safety Layer ‘SAC ‘ ‘ MPC ‘
7 SimGAN, GAT, RARL, RAP
GARAT, DARC CMDP-based: PETS
L Distributional P Lyapunov-based,
RL: wcpg, RAAC BVF

Figure 3.4: Collection of the baseline controllers in safe-control-gym.
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3.4 Initial Benchmark Results

In this section, we demonstrate how safe-control-gym can be used to compare ap-
proaches from the control baselines discussed in Section 3.3.2, with respect to their
control performance, learning efficiency, constraint satisfaction and robustness to dis-
turbances. We use the cartpole stabilization and 2D quadrotor trajectory tracking
task as our testbed. Instead of carrying out full-fledged parameter tuning for the best
control or safety perforamnce, the goal here is to highlight the potential for quantita-
tive comparison among controllers as well as their quantitative features, showing the
capability of safe-control-gym as a safe-learning-based benchmark suite for both
RL and control approaches in robotics. Notably, safe-control-gym allows plotting
RL and control results on a common set of axes with respect to the aforementioned
performance and safety metrics, even when different controllers self-tune for different
optimization objectives. To clarify, the majority of these results are also included in

section 5 of our work [73].

3.4.1 Control Performance

In Figures 3.5 and 3.6, we show that LQR, LQR'*% GP-MPC, PPO, and SAC are
able to stabilize the cartpole and track the quadrotor reference trajectory (a circle
with a 1 meter radius centerd at (0,0,0.5) on x-z plane). The LQR"% and GP-
MPC controller both use a prior dynamics model with parameters overestimated by
150%. For the stabilization task, GP-MPC closely matches the closed-loop trajectory
of the LQR with true parameters, albeit that its a priori model is the same one
given to LQR'™%_ This shows how GP-MPC can overcome imperfect initial knowl-
edge through learning. Both PPO and SAC yield substantially different closed-loop
trajectories when compared to LQR and GP-MPC. Such difference can be due to
multiple reasons: different parameterization of models (neural networks for PPO and
SAC, gaussian processes for GP-MPC), different learning procedures for each algo-
rithm framework (RL and regression), different optimization objectives tuned for each

algorithm, and different prior information the algorithms have access to.

Tracking the quadrotor trajectory (Figure 3.6) results in low-frequency oscillations for
PPO and SAC, a consequence possibly from learning with stochastic data and the lack
of explicit long-term planning. The LQR results in relatively large tracking errors due
to the inaccuracy of the linearized dynamics model in approximating the nonlinear

quadrotor system, especially for aggressive maneuvers. GP-MPC’s planning horizon
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and nonlinear modelling, on the other hand, effectively avoids these oscillations and

tracks the reference more closely.
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Figure 3.5: Control performance (absolute error w.r.t. reference x™ |A.|) on the
cart-pole stabilization task for different controllers and RL agents.
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Figure 3.6: Control performance (absolute error w.r.t. reference x*!, |A,|) on the 2D
quadrotor tracking task for different controllers and RL agents.
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3.4.2 Learning Performance and Data Efficiency

Figure 3.7 shows how much data GP-MPC, PPO, and SAC require to achieve compa-
rable trajectory root-mean-squared error (RMSE), a common metric for comparing
controller performance. The values reported on the z-axis (training data) are mea-
sured in seconds of simulation time used for learning, derived as the number of elapsed
environment simulation steps and PyBullet’s simulation frequency. This choice of z-
axis allows controllers to use different control frequency while maintaining a common
measure of the amount of learning data, for example, GP-MPC uses lower control
frequency for faster inference time during planning. To enable robust, fair and repro-
ducible comparisons, we also train or evaluate the controllers over multiple runs when
applicable, and have they share the same set of randomization seeds. The plots then

showcase the type of interdisciplinary comparisons enabled by safe-control-gym.

In both plots, the untrained GP-MPC displays a performance that is only matched
after around 10% seconds of simulated data by the RL approaches. GP-MPC converges
to its optimal performance with roughly one tenth (or less) of the data. This highlights
how learning-based control approaches are orders of magnitude more data-efficient
than model-free RL. However, this is largely the result of knowing a reasonable a
priori model. The evaluation costs of PPO and SAC exhibit large oscillations and
learning instability in the early stage, not uncommon in deep RL [36]. Once converged
SAC and PPO reach a performance comparable to GP-MPC in the stabilization task.
PPO can match GP-MPC on the tracking task albeit using much more data. Although
optimal hyper-parameter tuning is beyond the scope at the current stage, it should
be noted that, for example, PPO’s learning stability is improved by a larger batch

size, especially in the quadrotor tracking task.
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Figure 3.7: Comparison of the learning performance (on a logarithmic x-axis) of
learning-based control (GP-MPC) and two RL agents (PPO, SAC). Training data
is expressed as seconds of simulation time used for collection. Evaluation cost is
the RMSE with respect to the target state(s). In cart-pole stabilization, the RMSE
uses the full state; in 2D quadrotor tracking, the RMSE only includes the x and z
component of the state.

3.4.3 Constraint Satisfaction

In Figure 3.8, we investigate the impact of learning and the amount of training data on
the constraint violations of a learning-based controller or safe RL agent. The top plot
summarizes the data efficiency of these approaches on the cartpole stabilization task.
Again, leveraging the same overestimated prior model as in testing control perfor-
mance, GP-MPC and the learning-based CBF require much fewer training examples
to minimize the number of constraint violations than PPO with a safety layer. After
training, GP-MPC, learning-based CBF, and safety layer PPO all achieve similar con-
straint satisfaction performance. Vanilla PPO also reduces the number of constraint
violations but cannot match the performance of the GP-MPC and the learning-based
CBF.

The bottom plot of Figure 3.8 shows reduced constraint violations for GP-MPC and
PPO with a safety layer for the 2D quadrotor tracking task. Compared to a linear
MPC with overestimated parameters, the GP-MPC meets the constraints, finding

a compromise between performance and constraint satisfaction. PPO with a safety
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layer, on the other hand, struggles to balance between tracking the desired trajectory

and fully guaranteeing constraint satisfaction.
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Figure 3.8: In the top plot, fraction of time spent incurring a constraint violation by
learning-based control (GP-MPC), vanilla RL (PPO), safety-augmented RL (Safety
Layer), and safety-certified control (CBF); in the bottom plot, trajectories for an “im-
possible” tracking task (with constraints narrower than the reference) for traditional
control (Linear MPC), learning-based control (GP-MPC), and safety-augmented RL
(PPO with Safety Layer).

3.4.4 Robustness

Leveraging safe-control-gym’s APIs for disturbance injection, Figure 3.9 shows the
robustness of controllers and RL agents against parametric uncertainty (in the pole
length) and white noise (on the input) for the cart-pole stabilization task. PPOP® is
trained with pole length randomization and improves the robustness of baseline PPO.
RAP is trained against adversarial input disturbances and shows robust performance
to input noise, as expected from its adversarial training. However, RAP is less robust

to different classes of disturbances, such as parameter mismatch, possibly due to RAP
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overfitting to the disturbances seen in training, or the lack of generalizability between
input and parameter disturbances. Model-based approaches, like LQR and GP-MPC,
appear to be less affected by parameter uncertainty than model-free RL. This could
be due to the fact that a prior dynamics model, albeit inexact, helps generalizing
across similar systems. However, LQR and GP-MPC are no less resilient to input
noise, when compared to PPO or RAP. GP-MPC, in particular, might be hindered
by its lower control frequency (chosen to improve computational run-time), which

results in accumulation of input noise that further degrades performance.
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Figure 3.9: Robustness of cart-pole stabilization policies learned by traditional (LQR)
and learning-based control (GP-MPC) as well as vanilla (PPO) and robust RL
(PPOPR, RAP) with domain randomization against perturbations in the length of
the pole [ (left) and a white noise disturbance ~ N(0,02) applied to action input u
(right).

3.5 Summary

In this chapter, we introduced safe-control-gym, a benchmark suite of simulation
environments to evaluate safe learning-based control. In safe-control-gym, we com-
bine a physics engine-based simulation with the description of the available prior
knowledge and safety constraints using a symbolic framework. By doing so, we al-
low the development and test of a wide range of approaches, from model-free RL
to learning-based MPC. We hope that safe-control-gym will make it easier for re-
searchers from the RL and control communities to compare their progress, especially

for the quantification of safety in robotics applications.



Chapter 4
Benchmark Experiments

Building on the software stack introduced in Section 3.3 and benchmark results in
Section 3.4, this chapter proceeds with more in-depth experiments to benchmark the
safety performance among a representative set of RL baselines. The baselines are
selected according to our safe-learning survey|8] that summarizes recent development
of safe control, safe RL, robust RL and more, in hope of covering a variety of safety-
related scenarios during robot learning and deployment. Along with the safe-learning
survey|8], the design of safe-control-gym [73] and the following benchmark experi-
ments, we intend to provide a full spectrum of support for safe-learning in robotics,

spanning from literature to its related tools and assets.

The benchmark experiments are divided into three categories: constraint satisfaction,
robustness and transfer performance. Each features a different aspect of safety that
has been proven crucial for real-life robot operations and has continuously gained
momentum in recent research. Compared to Section 3.4, we expand the number
of baselines to increase diversity but put a focus on model-free RL approaches due
to their similarity in problem settings and training procedures, which renders the
benchmark results easier to analyze. For each of the experiments, we mainly utilize
the aforementioned environments from Section 3.3.1 and safe-learning features from
Section 3.2. We also ablate on some of the key design choices that affect the baselines’

safety performances.

Despite being tested in simulated tasks and with artificial constraints or disturbances,
the benchmark results should serve as a good basis for analyzing or developing future
safe control approaches. Specifically, since not all the baselines are originally devel-

oped with the same learning environments, it is expected that their performance could

26
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differ in the safe-control-gym benchmark compared to their original testing envi-
ronments. Nevertheless, the benchmark results still highlight the key design factors
and quantitative differences among the baselines, which should be useful guidance
when practitioners adapt the baselines in other new scenarios. On the other hand,
the benchmark involves various evaluation tests and metrics which can be easily ap-
plied to other safe-learning approaches. This helps in the continuous development of
the safe-control-gym benchmark, where researchers can not only quickly contribute
new safe control methods, but also reuse the testing pipeline to evaluate safety per-

formances.

target

R
7T /; - @ = adapted transfer

T a+Aa sources

A ‘ s+A4s &
~ 7/ Q 0
|®| @ d
-. source
reference external
force

Figure 4.1: Three aspects of safety for the benchmark: Left: constraint satisfaction.
Mid: robustness. Right: transfer performance.
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4.1 Constraint satisfaction

Constraint satisfaction is an important measure of safe control performance and has
been the subject of study for numerous safe RL works. Known challenges include
how to incorporate constraints to common RL algorithms, how to mitigate constraint
violations during the learning process, how to derive safety guarantees, and how to
balance performance optimization and constraint satisfaction. In this section, we first
compare between safety-unaware RL baselines and safety-aware RL baselines, then
we compare between safe RL baselines with different formulations, lastly we look into

each formulation and investigate its benefits and trade-offs.

4.1.1 Tasks Description

The benchmark tasks for constraint satisfaction include a angle-constrained cartpole

stabilization task and a position-constrained 2D quadrotor trajectory tracking task.
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Specifically for cartpole, the pole is constrained to maintain its deviation angle within
a symmetric bound —0.2 < ¢ < 0.2. The bound is selected to be greater than the
cartpole state initialization range 6, € [—0.1,0.1] to ensure initial feasibility; and less
than the observation space bound |6 > 1.57. Each episode runs for 250 steps unless
early termination is set, either with the system state going out of the observation space
bounds or with constraint violation happening. Given the design of the constraint, it is
expected that an RL agent will experience some constraint violations during training,
but slowly reduce the number of violations until convergence when both optimal
performance and constraint satisfaction can be achieved. For quadrotor, the drone
is commanded to track a circular trajectory on the x-z plane centered at (0,0,0.5),
starting from near the origin. However, the drone is given a box constraint on its
state —0.4 < x < 0.4, —0.01 < z < 0.9, which partially overlaps with the circular
trajectory. So it is expected to show the trade-off between improving performance and
satisfying constraints for the RL baselines, differing from the cartpole task where both
can be attained ideally. Each episode also runs for 250 steps and early termination
can be set for training. The circular trajectory is parameterized by a continuous curve

but sub-sampled to generate a way-point for each control step.

Both tasks are set to run for 5 seconds per episode with 50 Hz control frequency
and 1000Hz pybullet frequency. This is inherited from Section 3.4 in consideration
for control-based methods, where higher physics stepping frequency fits better with
the symbolic models and lower control frequency allows reducing runtime for the
expensive planning process. Environment rewards are based on the negative quadratic
cost commonly used in control methods, but are exponentiated for RL to remain
bounded which helps to stabilize training. Exponentiated rewards are also positive
which enables the use of early termination, helping to explore the useful part of
the state space more efficiently while preventing the agent from falsely learning to
terminate episodes early due to accumulation of negative rewards. In addition, we
use normalized action spaces that also helps in RL training; the actions output by
RL agents are preprocessed (clipping and rescaling to the full actuator ranges) inside
the environment before being fed to the physics engine. During evaluation, early
termination is disabled and all episodes run till the full length for fair comparison

among the baselines.

4.1.2 Baselines

The following baselines are evaluated
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e PPO [57] and SAC [33]. These two approaches are the most commonly used
model-free RL baselines, and are representative in the on-policy and off-policy
classes respectively. The nominal implementations do not take in account of

constraints and are hence safety-unaware.

¢ PPO and SAC with penalty reward. These two variants augment the
nominal implementations with reward shaping. When constraint is violated or
near violation by a given tolerance value, a constant penalty is added to the
reward from the environment step, which discourages RL from learning unsafe

actions.

e Safety Layer PPO [17]. The constraints are restricted to be state-based and
deterministic ¢;(s") = ¢;(s,a) where s’ = f(s,a) is the next state and f is the
deterministic dynamics. It learns a linear approximation to the constraint and
uses it to modify the current action my(s) so that constraint at the subsequent
state is satisfied. Unlike the original work, our implementation uses PPO as the
underlying learning agent.

ci(s") = ci(s,a) ~ ci(s) + guw,(s)'a

1
argmin§||a —ma(s)||? st ci(s,a) < d; Vi

e SQRL [59]. The formulation requires a safety indicator Z(s) where Z(s) = 1
indicates an unsafe state, and the goal is to avoid constraint violation with
probability € € [0, 1] or in math terms E[I(s)] < e. A safety critic QT ;. (s,a) ~
E.[I(s)] is learned during pretraining that predicts the probability of constraint
violation to occur, similar to a reward critic that predicts future return. Then
the safety critic projects the current policy m to its closest safe policy when

taking actions.

QlLte(s,0) = Z(s) + (1 = Z(8))Egnp(ls,a), a'~n(ls) 1@t (8" a')]

7r(a|s) if Q;Tafe S €
Trsafe OX
0 otherwise

e Recovery RL [62]. This approach extends SQRL by learning a separate
recovery policy .. when constraint violation is predicted to occur. The safety

critic and recovery policy are both pretrained but allows further fine-tuning
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along with the current policy. The recovery policy is implemented as another
SAC agent for simplicity.
m(als) if QT <€

safe
Tlsafe OX

Trec(@|s) otherwise

e Lagrangian method. This approach uses the Lagrange multiplers to trans-
form RL with constraints to an unconstrained optimization problem. The La-
grange multiplier is updated jointly with policy optimization via gradient de-
scent. The safety indicator is used for the constraint since we can reuse the
pretrained safety critic from SQRL or Recovery RL; otherwise we either need
to estimate E[I(s)] on-policy which is high inefficient or train a separate QT

from scratch which is expected to incur more constraint violations during learn-

ing.
mgxm/\in J(m) + Me — Ex[1(s)])

e Lyapunov PPO [13]. Instead of a safety indicator function, the CMDP for-
mulation is used here where the expected total constraint cost has a given
threshold J.(m) = E.[>.;7'c(si,a;)] < d. This approach assumes an initial
feasible baseline policy mp and learns a Lyapunov function to predict the to-
tal constraint cost @, . The Lyapunov value function satisfies feasibility at
the initial state and contraction under the Bellman operator, hence to en-
sure constraint satisfaction at all time during policy update. Given continu-
ous state-action space, such property is then shown as a state-based constraint
Qr.,(5,m(s)) — Qr,,(s,75(s)) < €= (1 —7)(d— J(s0)), Vs where € is the
maximum constraint budget left for policy improvement. For implementation,
we adapt PPO as the learning agent and use policy from the previous update it-
eration as the feasible policy as suggested in the original work for policy gradient
methods.

argmin Sl —mo(s)[? st Qu, (5, 70(s)) ~ Qu., (5, 75(s)) < ¢

e BVF [56]. Similar to Lyapunov PPO, BVF is also based on CMDP and the
idea of breaking down a trajectory-based constraint into single-step state de-

pendent constraints. Besides the usual (forward) constraint value function Q7
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that predicts cost-to-go, it additionally learns a backward constraint value func-
tion Vg that captures cost occured so far. So the total constraint cost can be
approximated as J.(7m) = Q% (s,a) + Vg(s) —c(s) at any state. Note the current
constraint cost here is incurred from the previous state-action step. For imple-
mentation we build on SAC where the value functions can be learned jointly. A
safe action can be constructed similar to the Safe Explorer work but with the

decomposed constraint.

arg min %Ha ()| st QT (s,a) + V() — e(s) < ¢

4.1.3 Results

The aforementioned baselines are trained and evaluated on the benchmark tasks with
respect to three metrics of performance and safety: RMSE, failure rate and constraint
violations. Similar to Section 3.4, we compute the average root mean square error of
test episodes as the common performance metric. For safety, failure rate represents
the ratio of test episodes with any constraint violation, while the constraint violations
metric represents the average number of constraint violation steps normalized by
episode length; constraint violations can provide a more detailed measure of constraint

satisfaction than failure rate.
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Figure 4.2: Learning curves of safe control baselines on the cartpole statbilization
task with bounded angle constraint.

To begin with, we show the learning performance of the baselines in Figure 4.2 and
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4.3. In the relatively simple cartpole task, most controllers learn to stabilize the pole
while staying within the constrained angle bounds. Two noticeable distinctions are
the CMDP-based methods Lyapunov PPO and BVF. Lyapunov PPO has a slower
learning process but eventually converges to low RMSE and constraint violations
on par with other baselines. On the other hand, BVF struggles to learn the task
and barely shows improvement over the given metrics. This can be the result of
suppressing the CMDP threshold J.(7w) < d, which is set to one d = 1 to encourage
almost zero constraint violation. Such formulation ideally makes the CMDP baselines
comparable to other safe baselines that only optimizes for no constraint violations,
but could lead to overly conservative behaviors and even hinder learning. By contrast,
PPO and Safety Layer PPO have decent performances despite occasional constraint
violations during learning. This is expected for PPO since both the state initialization
range and goal state are within the feasible set, so an optimal PPO controller should
not incur many violations although being unaware of constraints. Other baselines
including simple safety augmented baselines (PPO/SAC Penalty, Lagrangian method)
and safety-critic baselines (SQRL, Recovery RL) all show fast learning and close to

zero constraint violation towards convergence.
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Figure 4.3: Learning curves of safe control baselines on the quadrotor tracking task
with bounded position constraint.

In the harder quadrotor tracking task, the reference trajectory states are not entirely
within the constraint feasible set, so the safe baselines need to trade-off between

performance and constraint satisfaction. Based on Figure 4.3, it is observed that
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constraint-unaware baselines (PPO, SAC) have the best RMSE but they always vi-
olate constraints which is undesired in safety-critical context. Baselines with simple
reward penalty prove to be effective, reaching low RMSE and low constraint viola-
tions quickly during training, showing improvement on safe learning compared to the
constraint-unaware baselines. However, SAC Penalty shows a large deviation in the
learning curves indicating potential instability on more complex tasks. For baselines
that utilize a safety critic (pretrained and then shared in learning), SQRL and Re-
covery RL have relatively low RMSE and constraint violations. Specifically, Recovery
RL show drastic oscillations in its learning curves, possibly due to the continual fine-
tuning of the safety critic and recovery policy that affects learning stability. Safety
Layer PPO performs poorly compared to other baselines, since it relies on pre-training
constraint models with uniformly random actions while the tracking task has sequen-
tial goals, this could lead to inconsistent exploration and inaccurate constraint models,
hindering the subsequent policy training. For the CMDP-based methods, Lyapunov
PPO achieves comparable RMSE to other baselines and better constraint violations
than constraint-unaware baselines but not the others. BVF still underperforms in
either RMSE or the safety metrics, showing difficulty in learning the task as well as
satisfying constraints given a tight constraint threshold. The BVF implementation is
based on SAC and learns two additional value functions concurrently, but SAC has
been shown difficult in learning the tracking task compared to PPO in Section 3.4;

hence it might also explain BVF’s poor performance here.

Final Performances
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Figure 4.4: Final test performances among all baselines and tasks.

In Figure 4.4, we summarize the final test performances with the three metrics of
all the baseline controllers and tasks. Most baselines except BVF learn to complete

the cartpole stabilization task while keeping the pole angle within constraint bounds.
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However, in the quadrotor tracking task with conflict between task performance and
constraint satisfaction, only PPO Penalty, SQRL and Recovery RL manage to balance

the two objectives. Other baselines show varying levels of constraint violation.

4.1.4 Ablations

Given the benchmark results presented above, it is observed that the baselines have
different performance trends and they vary depending on the task or task constraints.
To investigate what are the important factors that affect their performances, in this
section we conduct ablation studies on the several classes of safe RL appraoches
respectively. The abaltions should provide useful tools to analyze the methods as

well as guidance on any further tuning.

Safety critic

For safety critic based methods (SQRL, Recovery RL), they often require a safety
threshold e € [0, 1] that determines when to take actions to optimize task performance
and when to take safe actions to avoid forthcoming constraint violation. Therefore, we
benchmark the safety critic methods with varying safety thresholds. Since both their
implementations are based on SAC, we also add SAC and the simple SAC Penalty

baseline for comparison.

Table 4.1 shows the comparison results in the cartpole task. Since all the methods
perform well with zero constraint violation given the default constraint —0.2 < 6 <
0.2, two harder constraints are added for finer comparison. The mid-level constraint
—0.07 < 6 < 0.07 has a tighter bound than the default constraint, requiring more
aggresive control to keep the pole safe. The hard constraint —0.05 < 6 < 0.05 imposes
angle bounds that are the same as the state initialization bound 6y € [—0.05,0.05],
which means the controller must be responsive and kept safe from the start of episode.
The nonzero constriant violation of SAC demonstrates the necessity of learning with
constraints as expected. The safety critic methods prove to be more effective given
harder constraints, showing equal or better safety performances than simple reward
penalty method. Also it is observed that threshold ¢ = 0.2 has an overall better
safety performance in both SQRL and Recovery RL. Since the threshold controls the
allowable probability of failure, this result confirms the need to add proper buffer for
constriant violation in safety critic methods, as can be seen that either low threshold

e = 0.1 or high threshold ¢ = 0.4 leads to noticeable increase in failure rate and
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constraint violations.

. SAC SQRL Recovery RL
Metrics SAC
Penalty o1 92 03 04 01 02 03 04
constraint (default) —0.2 <6 < 0.2
RMSE 0.178 0.18 0.168 0.167 [ 0.158 0.16 0.164 0.158 0.158 0.184
Failure rate 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
Constraint violations 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.
constraint (mid) —0.07 < 6 < 0.07
RMSE 0.186 0.151 0.822 0.139 2916 0.856 0.148 0.145 0.146 0.153
Failure rate 0.617 0.217 0.25 0.217 0.283 0.233 0.283 0.25 0.35 0.283

Constraint violations 0.03 0.002 0.02 0.003 0.065 0.02 0.003 0.003 0.003 @ 0.002

constraint (hard) —0.05 < 0 < 0.05

RMSE 0.183 0.15 3371 4.877 0468 5.524 0.152 0.142 0.261 0.155
Failure rate 0.733 0467 0.467 0367 0.4 0.45 0.55 0.5 0.467 0.6
Constraint violations 0.056 0.006 0.084 0.186 0.045 0.176 0.008 | 0.005 0.006 0.01

Table 4.1: Ablation on safety critic-based methods with varying safety thresholds and
difficulty of constraints in the cartpole task. Highlighted cell shows the best result in
the row.

In addition, we evaluate the quality of the learned safety critics by plotting the distri-
bution of their predicted probability of failure on test trajectories in Figure 4.5. The
trajectories are generated using a e-greedy strategy, namely by mixing actions from
the learned policy and a uniform random policy. It can be observed that in subfigure
(A) (B) for the cartpole task, the predicted values stay low when the trajecotries are
in the feasible set and quickly increase as the trajectories appraoch the constraint
bounds. Also in region where a trajectory goes out of the bound but eventually re-
turns to the feasible set, the predicted values also transition from high to low. This
indicates successful learning of the safety critic, which is expected to capture the
probability of failure in future rollouts conditioned on the current state. In subfigure
(C) (D) for the quadrotor task, we increase the portion of random actions to include
more unsafe test trajectories. Similar to (A) (B), safety critic outputs lower values
when trajectories are in the feasible set than in the unsafe region. But it is also
observed that in reigon where the reference lies outside of the constraint bound and
induces a conflicting scenario, the safety critic tends to make optimistic predictions

by assigning low values to unsafe states.
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Figure 4.5: Distribution of safety critic predicted values on trajectories generated
from a e-greedy policy.

CMDP thresholds

In the benchmark results, CMDP-based methods show relatively poor performances
compared to other baselines, and it is suspected that the CMDP constraint threshold
plays an important role. To investigate this, we ablate against different thresholds
for Lyapunov PPO and BVF. Since both of them are implemented based on PPO,
the PPO and PPO Penalty baselines are also added for comparison. The ablation
results are shown in Table 4.2. When the constraint threshold is relaxed d > 1, both
Lyapunov PPO and BVF show an improvement in safety performance, although in
theory the relaxed CMDP will allow more constraint violations. This effect is par-
ticularly evident for Lyapunov PPO with threshold d = 10 and BVF with threshold
d = 20, whose resulting failure rate and constriant violations are on par with or even

better than the reward penalty baseline. It could indicate the necessity of having
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proper buffer for constriant violations similar to the safety critic threshold ablation,
especially for BVF where aggressive threshold d = 1 and loose threshold d = 30 both
lead to drastically worst performance. To further look into this issue, we implement
a variant of BVF (BVF - schedule) that uses varying threshold in training, scheduled
to linearly decrease from 20 to 1 in the first half of the learning steps and kept as
1 in the latter half. The variant should effectively alleviate the conservatism from
imposing aggresive threshold in early training. Although the variant shows slightly
better performance than using a constant threshold 1, it is no better than using the

other constant thresholds.

. PPO Lyapunov PPO BVF
Metrics PPO
Penalty 0 20 30 1 10 20 30  schedule
RMSE 0.23  1.292 21.339 0.224 0.646 0.308 10.221 3.191 0.518 11.012 8.702
Failure rate 0.057 0.06  0.687 [ 0.027 0.103 0.023 0.937 0.383 0.057 0.363 0.66

Constraint violations 0.002 0.051 0.641 0.001 0.021 0.006 0.61 0.284 0.016 0.326 0.515

Table 4.2: Ablation on CMDP based methods with varying constraint thresholds in
the cartpole task. Highlighted cell shows the best result in the row.

Safety layer models

Besides the safety critic and CMDP methods, another distinct baseline is the Safety
Layer PPO, which learns explicit models to approximate the constraint functions and
then uses the models in an action filter. Naturally, the accuracy of the learned con-
straint models are crucial for safe performance. In Figure 4.6, we plot the distribution
of the constraint model prediction errors on test trajectories. For subfigure (A), larger
errors are observed in region outside and near the constraint while smaller errors are
concentrated around the stabilization goal state within the feasible set. This can be
the consequence of two factors: the goal state is within the state initialization range
as well as the feasible set, and the constraint models are pretrained with uniformly
random actions. Hence, there is sufficent exploration and the induced training data
distribution captures the constraint-critical regions well. Subfigure (B) shows a simi-
lar trend but seems more noisy in the error distribution. But different to (A), there is
a lack of consistent exploration due to the random exploration strategy and the track-
ing task involves sequential goals. This can be seen from the heavy clsuter of errors
around the starting point and few data points around upper part of the state space.
Consequently, it leads to poor accuracy of the learned constraint models in region

near farther goals of the reference, and hurts learning of the downstream controller
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using the action filter.
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Figure 4.6: Distribution of the constraint model prediction mean-square-error on
trajectories generated from a e-greedy policy.

4.2 Robustness

Robust control and robust RL both try to address control in the presence of distur-
bances. In real life, disturbances are prevalent and come in different types such as
measurement noise and unmodelled dynamics; they are critical factors to consider for
safe robot operation, not to mention for data-driven methods like RL. where imper-
fect knowledge is involved. Besides, robustness is closely connected to the notion of
generalization that the RL community has long sought for as one of the most desired
properties. It is hence crucial to include robustness as a performance or safety metric
for our benchmark. In this section, we benchmark several popular frameworks of
robust RL; we compare their learning performances and safety profiles with respect
to a variety of disturbance tests. Similar to Section 4.1, we also conduct ablations to

investigate some key design factors of these frameworks.

4.2.1 Tasks Description

The benchmark tasks for robustness are also based on the cartpole stabilization task
and 2D quadrotor trajectory tracking task. To benchmark for robustness, the dis-
turbance API of safe-control-gym is utilized to create artificial nonidealities in the
environments for both training and evaluation. Concretely, we first have the common

observation and action noises modelled as uniform or normal distributions with vary-
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ing scales. The dynamics disturbance are environment-specific; for cartpole it is a 2D
random tapping force acting on the center-of-mass of the pole and for quadrotor it is
another random force acting on the center-of-mass of the drone. Besides disturbance
noise, another important class of nonideality is system paramter mismatch. The dis-
turbance APT allows setting the system parameters upon the start of episodes, either
as fixed values or distributions; for the latter case a random set of paramters will
be sampled per episode which supports implementing domain randomization. The
changeable parameters are also environment-specific; for cartpole they consist of the
pole length, pole mass and cart mass and for quadrotor they include the drone mass
and moment of inertia. Moreover, these nonidealities can be combined and configured
via setting the configuration files to create harder scenarios. Other settings such as

episode length, reward and action space are kept the same as tasks in Section 4.1.

4.2.2 Baselines

The following baselines are evaluated

e PPO [57] and SAC [33]. Similary to Section 4.1, these two are used as gen-
eral baselines for comparison. But different to being unsafe due to constraint-
agnostic, PPO and SAC could have certain level of intrinsic robustness, for

example, the maximum entropy formulation in SAC.

e Domain Randomization (DR) [55, 64, 10]. This approach can be built
on top of any standard RL algorithm. The key idea is to generate a set of
training environments with randomized system parameters, forcing the agent to
generalize over these environment variants and hopefully even to environments
out of the training distribution. Typically, DR requires careful selection of

system parameters and tuning of the randomization ranges.

e RARL [51]. Combining robust control and adversarial training, this approach
optimizes for worst-case performance under a given family of disturbances. The
disturbance is realized as a separate learning agent or adversary, trained jointly
with the main agent or protagnist but using the opposite reward. This forms a
max-min optimization and a learning curriculum where the protagnist improves
control performance against harder disturbances. Concretely in RARL, distur-

bance is implemented as an external force to the system. Both the protagnist
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and adversary are parameterized as a PPO agent.

max min_J (7, Taqy)
T 71—adve]:

e RAP [68]. This approach extends RARL by introducing multiple adversaries,
with the reasoning that the protagnist could overfit to a single adversary or be
falsely misled to train on unrealistic disturbances. Different to RARL, RAP
implements disturbance as action noise and before each training episode starts,
a random adversary is selected to produce disturbance action at each step. All

adversaries are implemented as PPO.

i J
mgx {wazrvlﬁlef (7T, {Wadv}n)

e WCPG [60]. A different formulation in robust RL that optimizes for worst-
case performance is to model the full distribution of returns as in distribu-
tional RL, and use a risk-averse measure on the distribution as the optimiza-
tion objective. In WCPG, the return distribution is parameterized as Gaussians
Z™(s,a) ~ N(Q™(s,a), Y™ (s,a)), where the mean and variance are both value
functions to be learned with TD methods. With this parameterization, con-
ditional value at risk (CVaR) of the returns can be computed in closed-form,
which captures the average of low-percentile returns as a surrogate to worst-case
performance. Given a percentile threshold «, the actor then uses CVaR of the
returns '™ (s, a, ) in its loss gradient. We implement WCPG based on SAC

with the new update rules for the return distribution variance and actor.

I'"(s,a,a) = CVaR, = Q" (s,a) — (¢(a)/P())/ Y™ (s,a)
¢(-), ®(-) — PDF and CDF of standard normal distribution
VoJo = E[Vologme(als)I™ (s, a, a)]

e RAAC [66]. Similar to WCPG, this approach optimizes for the CVaR of
returns but parameterizes the return distribution as value functions conditioned
on the percentile Z™(s,a; 7). These value functions can also be learned via TD
methods and be used to approximate the returns’ CVaR. The original work
focuses on offline RL setting but we adapt the online leanring version called

RAAC for comparison. Again our implementation is based on SAC with the
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additional update rules for the value function and actor.

1 (6%
CVaRa (2™ (s,a;7)) = _/ Z™ (s, a;T)dT
@ Jo
1 K
~ oK ;Z”(Svaﬂ), 7 ~ U0, @)

4.2.3 Results

The robust baselines are evaluated on the benchmark tasks using RMSE as the main
metric. The learning curves are shown in Figure 4.7 and 4.8 below. However, different
baselines utilize different disturbances from safe-control-gym to aid their training,
so the learning performance might not be informative for fair comparison. Therefore,
we also benchmark their final performances against multiple disturbance scenarios to

showcase the different aspects of robustness.
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Figure 4.7: Learning curves of the robust baselines on the cartpole stabilization task.

In the carpole task from Figure 4.7, it is observed that most robust baselines show
increase in performance and converge to close-to-zero RMSE with the exception of
RAAC, which exhibits large oscillations in its learning curve and does not stabilize in
the given training time frame of the other baselines. WCPG has a noticeable faster
convergence rate, followed by PPO, RAP and RARL in order. PPO and RAP have
similar learning trends while RARL requires more data to converge. This is reasonable

since RAP is trained with action noise, but RARL is trained with an external tap force
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on the pole’s center-of-mass which intuitively poses a harder challenge to stabilize.
PPO with domain randomization (PPO DR) experiences an initial slow learning
phase with high variance in RMSE then the more stable performance trend till the
end of training, which can be attributed to the need of sufficient exploration given

the randomized training environments.
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Figure 4.8: Learning curves of the robust baselines on the quadrotor tracking task.

In the quadrotor task from Figure 4.8, again PPO and the two adversarial RL meth-
ods (RAP, RARL) converge to low RMSE and show similar learning efficiency trends
as in the cartpole task. The two distribution RL based methods (WCPG, RAAC)
however underperform in RMSE compared to PPO and adversarial methods. Ad-
ditionally, they show high frequency oscillations in the learning curves. This effect
might be due to several factors: (i) reliance on sampling-based gradients for learning
which is noisy; (ii) learning value functions that capture the full distribution instead
of the mean of returns which has higher complexity and hence requires more sam-
ples. Combining these factors, it is expected that the learning performance will have
high variance as reflected by the oscillations. WCPG does not exhibit such effect in
cartpole stabilization, possibly because of the lower task difficulty and hence quick
convergence to the optimal policy. Besides, WCPG has larger oscillation magnitudes
than RAAC which is due to the difference in their training setup. Specifically, RAAC
uses a fixed alpha threshold to optimize the CVaR,, of returns but WCPG uniformly
samples a new alpha value from a predefined range for each training episode; the lat-

ter obviously induces higher stochasticity for learning. Lastly, PPO DR also shows a
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slow learning trend at the initial stage similar to cartpole, but it has a stagnant learn-
ing curve afterwards and fails to converge to low RMSE like PPO, indicating possible
local minima. This could emphasize the difficulty in tuning domain randomization

parameters in more complex tasks.
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Figure 4.9: Robustness performance benchmark with one varying disturbance in cart-
pole: Left: pole length (the vertical dash line represents default pole length in training
environment). Mid: observation noise (RAAC is not plotted due to bad performance
curve lying out of range from the others). Right: external tap force on pole center-
of-mass.
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Figure 4.10: Robustness performance benchmark with one varying disturbance in
quadrotor: Left: drone mass (the vertical dash line represents default drone mass in
training environment). Mid: action noise. Right: external 2D force on drone.

The above benchmark results shed light on features of learning process among the
robust baselines. To look at their final test performances against disturbances, we
also benchmark them with different classes of disturbances and for each class, we

evaluate the baselines given different severity of the disturbance.

Figure 4.9 shows the baseline performances in cartpole with respect to three kinds of
disturbances: (i) varying pole lengths; (ii) observation noise from uniform distriubtion
of varying scales; and (iii) external 2D tap force on pole’s center-of-mass from normal
distribution of varying scales. It is observed that PPO DR has the best overall perfor-

mance across most of these disturbances, proving its efficacy in learning robust policy
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despite simplicity of the method. The two adversarial RL baselines (RARL, RAP)
have similar performance trends to PPO with these disturbances, except RARL shows
slight advantage with external force after scale 0.3, which is expected since RARL
is formulated to train against adversarial external forces. Similarly, another related
benchmark test from Section 3.4 Figure 3.9 also validate RAP to have a more robust
performance with action noise, given RAP is formulated to train against it. These
two results may indicate the limited generalizability of adversarial RL methods to
other types of disturbances when used along, alternatively it may suggest to train ad-
versarially against a hybrid set of disturbances to attain broader robustness. Unlike
the adversarial methods that require predefined disturbances in the training environ-
ment, the distributional RL methods (WCPG, RAAC) optimize CVaR of the returns
without prior knowledge on any disturbance. WCPG shows comparable robustness
to the adversarial methods and better performance in certain regions such as small
variation of pole length or high perturbation of external force. Noticeably, WCPG
is even outperforming PPO DR when facing observation noise. RAAC is seemingly
nonrobust against the three tested disturbances on average, except in the left plot
where RAAC shows better RMSE than some other baselines when pole length vari-
ations are large. RAAC’s underperforming compared to WCPG can be the result
of using more complex parameterization for the distributed value function as well as

using a fixed CVaR threshold throughout training.

Moving on to the harder quadrotor tracking task in Figure 4.10, PPO DR no longer
shows obvious advantage to other baselines across the tested disturbances, except
in the low quadrotor mass region in the left plot. By constrast, PPO, RAP and
RARL again have similar performance trends, specifically RAP and RARL outper-
form PPO in their own respective disturbance domains where they are formulated
to train against. Another difference is the robustness performance of WCPG and
RAAC. Given the harder task, RAAC starts to outperform WCPG in all these dis-
turbances and is competitive to the adversarial RL baselines. WCPG falls short in
this harder task, placing behind other baselines and only becomes comparable with
large enough disturbances. This is possibly due to the benefit of more representation
power, since WCPG parameterizes the return distirubtion only as Gaussian while
RAAC parameterizes it as quantiles that ideally can capture broader distributions,

making RAAC more robust to complex changes to the environment.

To further investigate how the trained robust baselines perform in the presence of

hybrid disturbances, in the following we show the benchmark results by evaluating
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the baselines with respect to two varying disturbances.

Figure 4.11 shows a set of performance heatmaps for each baseline with varying pole
lengths and pole masses in the cartpole task. By looking at the scale and distribution
of the heatmap values, it can be concluded that PPO DR has the overall most robust
performance against system parameters change. This result is consistent with how do-
main randomization is formulated similar to RAP’s and RARL’s better performances
against action noise and external force respectively. Besides, WCPG show better ro-
bustness to system parameter change compared to other baselines. PPO, RARL and
RAP have similar heatmap patterns, which indicates similar performances in terms of
robustness to system parameters. Due to suboptimal learning as shown in Figure 4.7,
RAAC’s heatmap shows higher RMSE on average and a noisier distribution compared
to other baselines. It is also observed that most baselines except RAAC have some
analogous patterns: (i) scaling both system parameters results in lower RMSE than
scaling one parameter along as seen from the bottom left and upper right corners
in the heatmaps; (ii) pole length has higher sensitivity than pole mass as seen from
the large RMSE change column-wise than row-wise, and (iii) lower pole lengths seem
easier for control than higher ones with most of the low RMSE values concentrated

in the bottom region.
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Figure 4.11: Robustness performance heatmaps with two varying disturbances (pole
length and pole mass with default values 0.5 and 0.1) in cartpole for each baseline.

Next, Figure 4.12 shows the performance heatmaps with varying drone mass and

action noise from normal distribution of varying scales in the quadrotor task. All
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the baselines have similar heatmap patterns but differ in the RMSE scales. Specif-
ically PPO, PPO DR, RARL, RAP and RAAC have roughly equal RMSE scales
while WCPG has higher RMSE values on average compared to the others, indicating
WCPG’s weaker ability to generalize facing the mixture of system parameter change
and action noise in this harder task. Then again some common patterns are observed
from the heatmaps: (i) smaller drone masses are harder for control than larger ones
and incurs higher RMSE regardless of action noise as seen in the bottom region; (ii)
related to point one for small drone mass, baselines perform better given larger action
noise, which is especially obvious from the bottom rows of WCPG.
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Figure 4.12: Robustness performance heatmaps with two varying disturbances (drone
mass and action noise with default values 0.027 and 0) in quadrotor for each baseline.

In addition to the hybrid disturbance results presented in Figure 4.11 and 4.12, we
also benchmark other combinations of the disturbances and include their performance
heatmaps in Appendix B, providing a more complete analysis of the baselines’ robust-

ness against different types of disturbance scenarios.

4.2.4 Ablations

The above results section has demonstrated important patterns of the robust baselines
regarding their training beahviors and generalization performance against various
disturbances. To provide further insights for robustness benchmarking and guidance
for designing future robust RL agents, we perform a series of ablations regarding the

key parameters in the baselines, some of which are also brought up previously that
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impact the training and robustness benchmark results.

Domain randomization range

To start off, PPO DR has shown decent robustness against various disturbances in
the cartpole task but the performance is not as well in the quadrotor task, and it is
argued that the tuning of domain randomization parameters is the crucial factor. To
demonstrate, we benchmark PPO DR with different levels of randomization ranges:

low, mid and high as described below.

e default: pole length - 0.5, pole mass - 0.1, cart mass - 1.0
e low: pole length ~ ¢£(0.3,0.7) pole mass ~ U(0.05,0.2) cart mass ~ U (0.7,1.3)
e mid: pole length ~ /(0.1,1.0) pole mass ~ ¢/(0.01,0.5) cart mass ~ ¢ (0.1, 2.0)

e high: pole length ~ 2/(0.1,3.0) pole mass ~ U(0.01,2) cart mass ~ ¢(0.1,4.0)

The default parameters are from the nominal cartpole environment and correspond to
training a simple PPO agent without domain randomization. The mid-level param-
eters are used to train PPO DR and benchmark with other baselines in the results
section. The low-level and high-level parameters are sampled from a smaller and a

larger randomization range respectively.

PPO DR (varying training DR range)

Tests PPO
low mid high
default 0.179 £ 0.092 0.148 £ 0.074 0.16 £ 0.087 0.276 £ 0.043
params x1.5 17.272 4+ 2.883 11.379 + 3.166 0.325 £ 0.07 0.181 £ 0.047
params x8 6.876 £ 0.639 6.133 £ 0.787 5.058 £ 1.089 3.638 £ 0.896
obs + act noise 2.531 + 5.961 0.501 + 0.108 0.629 + 0.1 0.347 = 0.038
tap force 20.582 £ 7.703 9.987 + 6.934 2.349 + 1.954 1.511 + 0.566

Table 4.3: Domain randomization ablation in the cartpole task.

Table 4.3 shows the ablation results of varying level of domain randomization against
different types of evaluation environments. Despite the default case or the nominal
cartpole environment where PPO DR only has narrow improvement compared to
PPO, it is observed that domain randomization can effectively counter the presence of
disturbances which PPO falls short on. In the test cases where the system parameters
are scaled by 1.5 times and 8 times, PPO DR has better performance when the

randomization range also scale with the deviation of the test evaluation environment
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to the nominal training environment. But PPO DR with high-level randomization
turns out to be more effective than the one with mid-level randomization in the
1.5 times scaled cartpole, although the latter is trained on environments closer to
the test environment. This might indicate a larger randomization range does not
always sacrifice individual performance in exchange for better overall performance.
A possible reason could be the larger randomization not only aids in robustness to
disturbance but also induces better regularization for the RL training itself. Besides,
domain randomization also generalizes to other forms of disturbances such as noise
and external force. However, there is not a clear measure over the correlation between
deviation of training environments to these test environments and the randomization
range. From the current ablation, a larger randomization range always seems to be
more versatile to different disturbances. Hence the tuning of domain randomization
remains largely based on the availability of training resources, prior knowledge and

extensive trial-and-error in these test cases.

Adversary disturbance scale

A class of the benchmarked baselines are the adversarial RL methods which show
limited robustness except to the disturbances that have been trained on from the
results section. This naturally suggests combining multiple disturbances of interest
during the adversarial training in order to achieve broader robustness. However,
another important issue in adversarial RL is magnitude control over the adversary. It
has been mentioned in previous work [51] that an overpowered adversary can easily
undermine learning of the main policy. Yet a weak adversary is less effective in

encouraging robust behaviors.

Tosts PPO RARL (varying scale) RAP (varying scale)
0.01 0.1 0.5 1.0 0.01 0.1 0.5 1.0
default 0.215 0.526 4.744 2.978 6.845 0.225 0.211 0.244 0.226

act noise ~ N(0, 1) 0.197 0.247 3.587 2.107 7.092 0.226 0.211 0.478 0.231
act noise ~ N(0, 3) 0.264 0.337 5.027 2.279 6.463 0.798 0.256 1.582 0.269
tap force ~U(—1,1)  20.142 16.479 21.733 | 8.075 9.513 16.386  19.607 19.754  19.461
tap force ~U(—3,3)  25.542 27.377 26.929 11461 12.738 25.134 26.398 28.189  27.024
params x1.5 17.617 17.861 18.018  5.787 6.331 16.870  16.932 17.555 17.415

Table 4.4: Adversary disturbance scale ablation in the cartpole task.

In Table 4.4 we demonstrate ablations of RARL and RAP with varying adversarial

disturbance scales tested in differently disturbed environments. Naturally, RARL and
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RAP perform better with external tap forces (row 4,5) and action noises (row 2,3)
respectively, given they are trained against the corresponding type of disturbances
as adversary. It is worth pointing out that the baseline PPO has similar scores as
RAP in both the default nominal environment and disturbed environment with action
noises. This may indicate PPO is already equipped with intrinsic robustness to action
disturbances, such robustness is even competitive to RAP when the disturbance is
small (row 2). On the other hand, although RARL displays poor performance in both
the nominal and action disturbed environments, it generalizes better than the others

when system parameters are changed.

Risk measure threshold

Another class of the benchmarked robust baselines are the distributional RL methods.
They are advantageous in that prior information of the disturbance is not needed for
training, and there is flexibility in choosing a risk measure for policy optimization.
In our benchmark, both WCPG and RAAC use CVaR,, of the returns as the risk
measure, and an important design decision is picking the risk measure threshold «.
Specifically, the threshold implicitly controls the weightings of learning data (e.g.
lower performance data has higher focus) and affects how conservative each policy

update is, which is eventually reflected as the final policy’s robustness.

Tosts PPO WCPG (varying «) RAAC (varying o)
0.1 0.3 0.5 1.0 0.1 0.3 0.5 1.0
default 0.202 0.585 0.279 0.219 0.238 17.143  6.188 12.352  21.721
params x1.5 17.656  5.659 10.305  6.703 6.918 11.957 | 4.678 7.03 11.311
obs + act noise 2.135 0.649 0.369 0.328 0.319 15.928  5.956 11.645  22.757
tap force 20.476 | 8.276 15.608  10.34 10.157 18.704 8.538 13.766  22.35

Table 4.5: CVaR,, threshold ablation in the cartpole task.

Table 4.5 shows WCPG and RAAC’s performance given different risk measure thresh-
olds for training and under various testing environments in cartpole. It should be
noted that the CVaR threshold o = 1 is equivalent to the mean of the return distri-
bution, so RAAC with a = 1 is similar to a nominal actor-critic method except with
more complex parameterization and training for the value functions. For WCPG, it
outperforms the other baselines under observation-action noise by a large margin, but
only slightly win over RAAC under external force. Interestingly the WCPG variants
show similar scores in the noisy environment to the default nominal environment,

which might indicate small deviation between the two environments and hence fits
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well with WCPG’s Gaussian return parameterization. However, it is also observed
that there is not a single threshold that achieves the best performance on average over
all the tested environments. For RAAC, it only has better performance with system
parameter change but also not a clear margin compared to WCPG. Nonetheless, there
seems to be a consistent trend that RAAC with threshold @ = 0.3 is the best vari-
ant compared to other thresholds over the different disturbances. This observation
is different to WCPG, and a possible reason is how the two baselines gets thresh-
old differently in training. Concretely, instead of using a fix threshold as in RAAC,
WCPG requires sampling a new threshold «; ~ U(0.01, aypax) for each episode (where
i is current training episode index and ayay is the actual parameter we ablate over),

which adds higher stochasticity and complicates the comparisons.

4.3 Transfer performance

There has been a rise in using simulated environments for learning-based control,
especially in RL where the demand for data and training time is far greater than
traditional methods. However, simulation can still fall short in producing a faithful
representation of the real-world dynamics, motivating the need for incorporating real
data in training with simulation. Transfer learning, domain adaptation and sim-to-
real are all related topics trying to address this problem. Without proper adaptation
or transfer, the trained controllers could neglect important yet hard-to-model corre-
lations in the target environment or falsely overfit to nonidealities of the simulation.
Therefore, the safe-control-gym benchmark also values the ability to adapt with
extra data from a target domain, which is another crucial aspect of safety to deploy
RL controllers. In this section, we benchmark several works on transfer learning in
RL, with a focus on distribution matching methods; we compare their transfer per-
formance when they are trained in a source domain with limited target data, and

then evaluated in the target domain.

4.3.1 Task Description

The benchmark tasks for transfer performance are based on the cartpole stabilization
task. To perform domain transfer, the baselines require a source environment as
the basis for learning and a target environment to query data for adaptation. In
this section, the nominal cartpole system in safe-control-gym is used as the source

environment and three different target environments (easy, mid, hard) are designed for
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benchmarking as shown below. Notably, the easy and mid-level targets involve static
change(s) of system parameters while the hard-level target involves state-dependent
changes in dynamics. The three targets vary in similarity to the source environment

and hence vary in difficulty for transfer learning.

e source: the base environment used by the transfer baselines for domain adap-
tation. It uses the default cartpole system parameters: pole length 0.5 m, pole

mass 0.1 kg, and cart mass 1.0 kg.

e target-easy: a target environment to transfer/adapt to. It differs from the

base environment in one system parameter: pole length 0.6 m.

e target-mid: a harder target environment that scales all three system parame-

ters by 120%: pole length 0.6 m, pole mass 0.12 kg, and cart mass 1.2 kg.

e target-hard: another harder target that scales system parameters by 120%
and further applies state-dependent damping: joint damping on the cart-pole

joint with coefficient 0.06 and linear damping on the cart with coefficient 0.06.

Given a source and target environment pair, we consider the transfer task setting
that consists of three components: (i) policy pretraining; (ii) target data collection
and adaptation; and (iii) policy fine-tuning. Most of the transfer baselines considered
can be covered by this setting. Specifically, we use only the source environment for
policy pretraining, assuming no prior access to the target. Target adaptation and fine-
tuning are often performed jointly, and we set a limited target data query of 500,000
control steps. All the evaluations are performed on the target environments. Other
settings such as episode length, reward and action space are kept the same as tasks in
Section 4.1 and 4.2. In addition, for baselines that require modifying the source envi-
ronment during training such as SImGAN [38], we expose the pole mass and cart mass
as the system’s parameter space that can be set dynamically at each control step.
With this system parameter space, the easy target can be fully adapted by success-
fully system identification, the mid-level target can only be partially adapted and the
hard target requires dynamic adaptation given the state-dependent dampings. Con-
sequently, all the considered baselines can be benchmarked on transfer performance

given this curriculum of increasingly difficult target environments.

'Limited by PyBullet’s API, pole length is not included in the parameter space since it requires
modifying and reloading the URDF file at each step, which could burden simulation performance.
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4.3.2 Baselines

The following baselines are evaluated

e PPO [57] and SAC [33]. Similar to previous sections, they are general base-
lines for comparison. The nominal implementations do not consider transfer
scenarios, so their transfer performance will rely only on the algorithms’ intrin-

sic robustness.

e fine-tuning (FT). Building on the nominal implementations, PPO and SAC
are first pretrained in the simulation or source environment, then further fine-
tuned given a limited amount of target data. This also serves as a general

baseline with minimal effort in adaptation.

e Domain Randomization (DR) [55, 64, 10]. Similar to the baseline in Sec-
tion 4.2 a RL agent is trained under envionments with randomized parameters.
So instead of fitting to one specific target environment, this approach poten-
tially adapts to multiple targets. The transfer performance then relies on the

robustness attained from the DR training.

e SimGAN [38]. In order to mimic the target environment with a source sim-
ulator, this approach uses RL to learn a set of simulator parameters that are
optimized to match the distribution between target and source trajectories. A
Generative Adversarial Network (GAN) [30] is trained with loss Lgis. to distin-
guish between source and target data. Target data is pre-collected before any
training, and used in all subsequent GAN updates. The simulator agent is imple-
mented as PPO and trained with reward r = log(Dy(s,a, s')/(1 — Dy(s, a, s'))).
Along with GAN and simulator agent training, another PPO control agent is
trained using source data or data produced by the simulator only. Ideally as
the discriminator and simulator agent improves, the gap between the target and
simulated environment should narrow and the control agent should have better

transfer performance.

Laise = —E,.[log Dy(s,a,s")] — Eg[log(l — Dy(s,a,s"))]
Tr — target trajectory distribution
Tg — source trajectory distribution

Dy(s,a,s") — discriminator output given transition tuple (s, a, s’)
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e GAT [35]. This work uses regression to train a forward dynamics model given
target data and an inverse dynamics model given source or simulator data.
By chaining the two trained models, an action transformation can be derived
that bridges between the target and source dynamics. Then the simulator and
the action transformation together can act as an approximation to the target
environment and be used in planning. In our implementation, we train a PPO

agent my with the approximated target environment.

target forward model : s’ = f(s, a)

simulator inverse model : a = f. (s, ')

action transformation : a = f31(s, f(s,a)), a ~ my(-|s)

e GARAT [19]. Instead of using two separate dynamics models as in GAT,
GARAT parameterizes the action transformation as one neural network 7 . It
leverages GAN training similar to SImGAN for distribution matching between
target and source trajectories, and uses reward r = —log(1 — Dy(s,a,s’)) to
train the action transformation with RL. But GARAT differs from SimGAN
in that new target data is collected as training proceeds, so the discriminator,
action transformation and control agent are trained with on-policy target and
source data. For implementation, both the actoin transformation and control

agent are based on PPO.

action transformation : a = m,(s,a), a ~ m(-|s)

e DARC [23]. In DARC, distribution matching is implemented as auxiliary re-
wards Ar. The auxiliary reward is derived from minimizing the KL divergence
between target and source trajectory distributions under the Maximum Entropy
RL framework [33, 34|, and simplifies to the difference of transition probabili-
ties. But since transition dynamics is assumed to be unknown, two classifiers
p(+|s,a,s"),p(:|s, a), trained to distinguish between target and source transitions
similar to the discriminator in SInGAN or GARAT, are used to substitute the

transition probabilities via Bayes’ rule. A SAC control agent is then trained
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using the environment reward plus the auxiliary reward.

AT(S7 a, SI) = logptarget<31’57 a/) - logpsource<5/’37 CL)
= log p(target|s, a, s") — log p(target|s, a)

— log p(sourcels, a, ') + log p(source|s, a)

4.3.3 Results

The transfer baselines are evaluated under the three benchmark target tasks (easy,
mid, hard) and we report the RMSE of adapted policy in the target environments.
This section shows learning performances of the baselines when fine-tuning with target
data, and compares their final performance after adaptation. Moreover, for baselines
that rely on augmenting the source environment to approximate the target, we show
the effectiveness of the augmented source to its target by examining the similarity
of their trajectories both qualitatively and quantitatively. Owverall, the benchmark
results reveal how the baselines differ in the ability to explicitly learn and adapt
given environment changes, which complements robustness and provides another axes

of consideration to perform safe control with RL.

Learning Curves
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Figure 4.13: Transfer learning performance on cartpole target-easy.
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Figure 4.14: Transfer learning performance on cartpole target-mid.
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Figure 4.15: Transfer learning performance on cartpole target-hard.

Figure 4.13, 4.14, 4.15 demonstrate the learning performances of the transfer baselines
under the three target environments. Specifically the x-axis denotes the amount
of target data used in transfer with a maximal limit of 500,000 control steps or
equivalently 10,000 seconds in target simulation time. The y-axis records the RMSE
measured in the target environment using the current policy, but for baselines that
do not leverage target data (PPO, PPO DR, SAC) or use target data separately
from policy fine-tuning (SimGAN), we label them as flat learning curves with RMSE
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evaluated using the final policy.

In all three targets, it is observed that PPO performs poorly while PPO FT starts off
with poor performance but learns to adapt slowly. PPO DR has relatively low RMSE
but not better than other baselines that explicitly leverage target information. In con-
strast, PPO DR with fine-tuning has one of the best transfer performances and even
better than some dedicated transfer baselines. This set of comparisons highlights the
importance of incorporating target data or more generally, reducing dissimilarity of
the training data distribution to the target distribution, since domain randomization
is also effective but may not even contain the target data. Interestingly, SAC shows
decent results even if no target data is used, which means the source environment as
a basis and the intrinsic robustness of MaxEnt RL training are sufficient to general-
ize to nontrivial environment changes. This again probes the question of how much
robustness can be built into a safe controller and how can it be quantified. Despite
the empirical benchmark results shown in Section 4.2, we also point out recent works
that try to address such questions in theory [24, 25]. On the other hand, the superior
performance of PPO DR FT compared to PPO FT in both learning speed and final
target RMSE indicates the benefits of policy pretraining. Since a major bottleneck in
transfer learning is collecting data from target environment and the pretrained model
is derived purely in the source simulation, policy pretraining can be seen as an almost

effortless enhancement to any transfer methods.

For the other transfer baselines, GAT and GARAT do not seem to perform well
in general except GARAT in target-easy, and show heavy oscillations of transfer
performances in evaluation. Such instability during learning can be due to the joint
updates of the augmented source environment and the policy. The poor performance
may also indicate grounding actions for transfer as proposed in GAT and GARAT are
less effective given more complex environment changes. Despite this, it is observed
that GARAT outperforms GAT in the three targets, showing distribution matching

for transfer could be more effective or robust for RL-based controllers.

Lastly, SimGAN and DARC both have good transfer performances. SimGAN in
particular outperforms most of the other baselines in all three targets, which can be
the result of having privileged access to modify system parameters for augmenting
the source environment. But noting that both target-mid and target-hard cannot be
fully adapted given the restricted parameter space (refer to task description), this

result still implies SimGAN’s ability for effective transfer. DARC also shows decent
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RMSE performance but not as good as SimGAN or fine-tuning methods. A possible
explanation is that it only relies on reward shaping for policy transfer instead of
explicitly adapting the source environment to the target. Intuitively an augmented
source can capture a wider class of dynamics, while reward shaping maintains the
same dynamics as source but only shifts the data distribution. Hence, DARC might

suffer when the source and target environments have clear differences in dynamics.

Target Envs
Baselines

target - easy

target - mid

target - hard

PPO 6.529 £ 8.752 9.398 £ 8.497 7.147 £ 3.848
SAC 0.197 £ 0.095 0.219 £ 0.107 0.351 £ 0.113
PPO FT 0.179 £ 0.09 0.171 £ 0.086 0.217 £ 0.109
PPO DR 0.475 £ 1.104 0.475 £ 1.104 0.398 £ 0.487
PPO DR FT 0.176 £ 0.089 0.168 £ 0.085 0.195 £ 0.098
SimGAN 0.148 £ 0.073 0.153 £ 0.076 0.162 £ 0.08
GAT 18.217 £+ 6.322 14.234 + 6.506 9.728 £ 2.117
GARAT 2.475 £ 3.23 5.008 £ 5.333 3.747 £ 4.673
DARC 0.293 £ 0.083 0.298 £ 0.145 0.397 £ 0.155

Table 4.6: Final transfer performances (in RMSE) of baselines over the three target
environments in cartpole. Highlighted cell shows the best result(s) in the column.

To summarize the benchmark results, Table 4.6 shows the final transfer performances
of all the baselines on the three target tasks. It can be seen that SimGAN has the
best overall transfer performances followed by the two fine-tuning methods, specif-
ically PPO DR FT slightly outperforms PPO FT due to pretraining with domain
randomization. SAC, PPO DR and DARC also exhibit some level of transfer but not
as good as SImGAN or fine-tuning. The rest of the baselines seem to fail the transfer
tasks, in particular, GAT and GARAT’s poor performances may be possibly due to

insufficient hyperparameter tuning or incompatibility to the target environments.
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Example Trajectories
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Figure 4.16: Example test trajectories with source, target and adapted environments
using a policy trained in the target-mid environment.

Despite the difference in RMSE performance, the three baselines SiImGAN, GAT and
GARAT also vary in their augmented source environment. Since they leverage the
augmented source for policy fine-tuning, a natural question that is key for domain
transfer is how good the augmented environments can approximate the target. To
answer this, we use a trained policy under the target-mid environment and sample tra-
jectories with the augmented environments from the three baselines as in Figure 4.16.
We add a trajectory generated from the unaugmented or source environment and
another from the target environment for comparison, the initializations are kept the
same for each environment. Similar comparison of trajectories for target-easy and

target-hard can be found in Appendix C.

It is then observed that the trajectories of GAT and GARAT show larger dissimilarity
to the target than either SInGAN or source environment. GARAT is also notably
worse in adapting the cart position than the pole angle. This indicates GAT’s and
GARAT’s augmented environments may not be effective for policy fine-tuning since
they are not faithful or stable approximation to the desired target. Furthermore, it
is noted that the trajectory from source environment is seemingly a better match to
the target than trajectory from SimGAN’s augmented environment. This poses a
question on what SimGAN learns in adapting the source to target that leads to good

transfer performance, if its trajectory is not better in approximating the target.
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target - easy

RMSE 0.0 1.045 1.558 2.793 8.264

MMD (gaussian) 0.014 0.056 0.038 0.087 0.592
target - mid

RMSE 0.0 0.103 0.165 1.304 4.493

MMD (gaussian) 0.002 0.006 0.008 0.063 0.675

target - hard

RMSE 0.0 0.091 0.115 0.278 1.09
MMD (gaussian) 0.002 0.02 0.008 0.028 0.458

Table 4.7:  Similarity of trajectories between the target environment and
source/adapted environments, using a policy trained in the target environment. High-
lighted cell shows the best result in the row (excluding the first column). The first
column is for self-comparison.

A possible explanation lies in the idea of distribution matching which is used by the
three transfer baselines. In Table 4.7, we investigate this subject by computing the
trajectory similarity between the target and the baselines with respect to two metrics:
RMSE and Maximum Mean Discrepancy (MMD) [31]. For details about MMD, refer
to Appendix D on the summary and analysis of using MMD as a similarity metric

between environments based on trajectory samples.

For RMSE, it requires one-to-one comparison of two trajectories from the target
and a baseline environment with the same initialization; the RMSE similarity scores
also confirm the observation from Figure 4.16 that source environment does better
in approximating the target than SimGAN. However, SImGAN shows better MMD
scores in target-easy and target-hard, and is on par with the source environment in
target-mid when taking into account the approximation error from the target’s self-
comparison. To see why this result can justify SimGAN’s better transfer performance,

we argue from two points:

1. MMD is a more suitable trajectory similarity metric to evaluate the
learned, augmented environments. The MMD metric quantifies similarity
between two probability distributions, but it can be approximately computed
with only samples from the two distributions instead of requiring exact corre-
spondence. This metric computation by sampling is also used for distribution

matching when training the transfer baselines. Due to the affinity to the base-
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line training, MMD should be a more proper metric to quantify performance of

the agumented environments for the selected baselines.

2. MMD reveals trajectory similarity with respect to high-level features.
Distribution matching methods often focus on high-level features such as mo-
ments of the distributions. It means the augmented environments may not
mimic the target in low-level details but the more abstract features that are
deemed crucial by the method for transfering the policy, for example, correla-

tions of states or behaviors at various time scales.

Together, these analyses should explain why SimGAN has good transfer performance
despite not showing the closest match to the target trajectories, as supported from
SimGAN’s better MMD scores rather than RMSE compared to the source environ-

ment.

4.3.4 Ablations

Similar to Section 4.1, 4.2, we then perform ablations for the transfer performance
benchmark to investigate key design factors. Specifically we look at the influence of
pretrained model /policy and target data, both of which have been brought up in the
benchmark results section that contribute to better transfer performance. There are
also other factors that are crucial for achieving domain transfer but are often tied to
the specific baseline or environment, making it difficult to compare across different
baselines, for example, the algorithm-specific discriminator tuning for distribution
matching and the modifiable system parameters utilized by SimGAN. Therefore, we
only benchmark on pretrained model and target data that are applicable to any
transfer methods, and leave investigation of the algorithm-specific factors to future

work that builds on top of the specific baseline.

Pretrained model

Policy pretraining is common in transfer learning to bootstrap initial performance
and increase sampling efficiency. But not all pretrained models are equally beneficial
for transfer, not to mention they also take on different engineering efforts to derive.
In the safe-control-gym transfer benchmark, two important factors for pretrained
models are the quality of the pretraining or source environment and the amount of
pretraining budget. For the former, prior information from the target is often required

to determine a good source environment, but the available prior is coupled with the
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specific algorithm or the assumptions which makes it hard to ablate along. Here we
only use the nominal cartpole or cartpole with domain randomization as the source,
and focus on the impact of varying pretraining budget measured by the number of

pretraining steps.

W PPOFT  PPODRFT SimGAN  GAT GARAT  DARC
Pretrain Steps

5,000 0.182 0.168 21.283 13.852 10.921 0.253
20,000 0.153 0.181 10.637 12.706 9.065 0.303
100,000 0.176 0.437 7.891 9.614 9.672 0.226
500,000 0.191 0.179 0.333 11.628 13.727 0.35

Table 4.8: Ablation on transfer baselines in target-mid environment by varying the
amount of source data (in control steps) used for the pretrained policy. Highlighted
cell shows the best result in the row.

As seen from Table 4.8, PPO FT, GAT and GARAT have a sweet spot in the number
of pretrianing steps that both leverages enough source data to bootstrap learning
and also prevents overfitting to the source that hurts transfer performance. This is
expected as the source environment is generally a coarse approximation of the target,
and hence there is a limit on how much we can gain only from the source. PPO
DR FT uses domain randomized source environment and requires more pretraining
steps to start showing improvement on transfer performance. However, it manages to
outperform other baselines in both the case of 5,000 and 500,000 pretraining steps.
This can highlight the possible benefits of pretraining with domain randomization
as better exploration for low-data regime and regularization to overfitting for high-
data regime. In contrast, SimGAN has a even slower improvement to the pretraining
budget, not until 500,000 steps does it starts showing similar transfer performance
to the fine-tuning methods. Since SImGAN only uses the fixed pretrained policy
during environment adaptation, it can lead to poorly adapted environment if the
pretrained policy is insufficiently learned and hence affect the downstream policy
fine-tuning. This becomes evident as SimGAN exhibits drastically bad performance
with pretrained models in the low-data regime. Lastly, DARC’s transfer performances
are slightly below the fine-tuning methods but do not show a clear pattern with the
varying pretraining budget. This might be related to the different backbone agent
used (SAC for DARC and PPO for the others). To be more specific, DARC uses
the value functions from the pretrained model but it also learns augmented rewards
for domain transfer that directly affects the value functions. These factors together

might create mixing results that are not monotonic to the change of pretraining steps.
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Target data

The next important design factor for transfer learning is the amount of target data
available for use. A key motivation of transfer learning in RL is to decrease the
reliance on target data which is often the bottelneck for real-life applications. But in
our transfer benchmark, all baselines are given a fixed budget of target data for fair
comparison. Therefore, to complement the transfer benchmark, we also investigate
how effective the baselines learn to transfer given varying amount of target data. We
consider settings from low data (5,000 steps or 20 episodes) to high data (500,000
steps or 2000 episodes). The former can be related to few-shot transfer [58, 71| while
the latter corresponds to our transfer benchmark setting. We do not consider the

case of one-shot transfer (one episode) [69, 27| which is seemingly inpractical for safe

robotics.
Baselines Lo BT PPODRFT SimGAN QAT GARAT  DARC
Target Steps

5,000 13.956 0.136 0.118 6.413 0.203 1.216
20,000 12.851 0.137 0.152 2.668 0.195 0.414
50,000 8.751 0.139 0.152 13.358 9.81 0.362
200,000 3.926 0.156 0.146 10.847 6.064 0.331
500,000 1.037 0.164 0.156 11.102 5.008 0.298

Table 4.9: Ablation on transfer baselines in target-mid environment by varying the
amount of target data (in control steps) used for fine-tuning/adaptation. Highlighted
cell shows the best result in the row.

In Table 4.9, it is observed that PPO FT and DARC have obvious performance im-
provement with increasing target data, while PPO DR FT and SimGAN show the
opposite trend. The former can be easily understood since PPO FT is simply training
the policy in the target environment and with more target data it learns to correct
suboptimal behaviors of the pretrained model due to source and target mismatch.
Similarly, DARC trains its transfer policy with augmented rewards that are derived
from comparing source and target dynamics, more target data naturally leads to
more accurate reward signals and hence direclty improves the transfer policy. It is
also notable that DARC outperforms PPO FT in low-data regime and does not show
a drastic improvement with more target data as PPO FT. This can be a possible
result of DARC’s gradual adaptation of the policy and environment (captured by
the augmented rewards) jointly, compared to PPO FT’s clear separation of policy
pretraining in source and fine-tuning in target environment. As for PPO DR FT and

SimGAN, they take over the best transfer performances over the different target step
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settings, but surprisingly do not seem to improve given more target data. In par-
ticular, their transfer performance given only a few target data even surpasses other
baselines’ performances in the high-data regime, indicating their superior transfer
capability in both efficiency and effectiveness. Given PPO DR F'T is pretrained with
domain randomization, it is likely that the pretrained model has learned the general
behavior to deal with varying cartpole dynamics and fine-tuning with too much target
data muddles up such behavior instead. Such difference with PPO FT again empha-
sizes the impact of pretrained models, and shows us the necessity to consider specific
traits of the method when balancing pretraining and fine-tuning. In constrast, Sim-
GAN does not utilize domain randomization in pretraining, but still exhibits better
performance with fewer target data. Since target data is generated via the pretrained
model and only used for adapting the environment in SimGAN, we suspect too much
target data might easily lead to overfitting to sub-optimal region of the state space in
sacrifice of the more relevant ones for donwstream fine-tuning. In this case, fewer data
instead serves as an implicit regularization for environment adaptation which turns
out better for transfer. Finally, GAT and GARAT also seem to perform better in
the low-data regime and relatively worse with a nontrivial performance gap starting
from the setting of 50,000 target steps. We similarly suspect the the occurrence of
overfitting at between 20,000 to 50,000 target steps that cuts off the improvement of

transfer performance in these two baselines.

4.4 Summary

In this chapter, we select a set of representative RL approaches from the implemented
baselines in safe-control-gym and benchmark their performances with respect to
three dimensions of safety: constraint satisfaction, robustness to disturbances and
transfer performance. For dealing with constraints, we show simple augmentations to
constraint-agnostic RL baselines such as reward penalty and lagrangian method works
decently after convergence, but do not prevent constraint violations during training.
CMDP-based methods and safety critic methods can effectively reduce violations
during learning, but could be sensitive to the constraint thresholds. For training
robust agents, we show domain randomization gives relatively robust performance in
various disturbance scenarios but at the cost of optimality. Other robust baselines
based on adversarial training and distributional RL are good in certain scenarios but
fall short in the others, showing limited generalizability. For transfer learning in RL,

we show simple techniques of fine-tuning and domain randomization do allow transfer
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to a new environment but are very limited. Distribution matching methods work
better by incorporating knowledge from the target environment, but also heavily rely
on the assumptions of applicable environments and parameter tuning; a method that
performs well in the original work might not easily carry to another transfer scenario
or robotic system. Overall, the chapter not only further demonstrates the safety
features and various safe-learning baselines in safe-control-gym, but also showcases
an extensive benchmark on the three crucial safety properties. The additional analysis
of the benchmarked baselines gives insights on safe controller design and helps to guide

future works of related topics.



Chapter 5
Conclusion

As more advanced learning-based control methods are developed and faster simulation
technologies are popularized, control agents that utilize these two can now deal with
increasingly difficult tasks and are showing promise to deploy directly in real-world
systems. But before such promise can be delivered, safety remains to be a crucial
conisderation and it has been further complicated by the interplay with the new
learning methods as well as training in simulation, especially for RL that are typically

reliant on both.

This thesis takes on the challenge by proposing a benchmark for safe learning in
robotics. To start off, we introduce the related literature in Section 2, focusing on
benchmarking and safety-aware RL but as part of our bigger effort in the safe-learning
survey [8]. Through the survey, we notice a current bottleneck in lacking sufficiently
diverse, supportive safety benchmark for both control and RL approaches. To fill this
vacancy we propose safe-control-gym. In Section 3 we cover the design of the safe-
control-gym benchmark and demonstrate its usage with initial results, selected from
our work [73]. With the benchmark, we compare the up-to-date safe-learning-based
approaches with respect to three metrics of safety in Section 4. The benchmark results
highlight important features and key design factors of these approaches, providing the

basis for other research that utilizes these baselines in implementation or comparison.

Overall, through this line of works we have established the literature and software
tools needed for advancing safe-learning control in robotics. The proposed benchmark
also lies the foundation for continuous development and evaluation of other safe-

learning-based methods in future research.

65
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Future directions

Considering the initiative of safe-control-gym as providing a diverse, supportive
benchmark suite to develop and evaluate safe control approaches in robotics, a few
future works are planned to expand the capabilities of the benchmark and to further

close the gap from learning in simulation to real-life robot deployment.

Firstly, many new works on safe-learning control have come out since our work on
the safe-learning survey and benchmark are publicated. Some of them showcase
formulations that combine both the flexibility of RL and principled guarantees from
traditional control, which safe-control-gym is lacking from the pool of baselines.
Hence, an immediate direction is to continuously expand the safe control baselines,

adding diversity to the benchmark and keeping track with recent progress.

Secondly, to provide better support for researchers to use safe-control-gym in their
own use cases, it would be helpful to extend the benchmark with explicit interfaces to
other common RL benchmarks such as StableBaselines3 or RLIib, as well as to other
common environment suites and physics engines such as the recently open-sourced
MuJoCo. Having wider compatibility to other well-established tools will also improve

the usability of the benchmark for developing safe controllers.

In Section 4.3 we benchmark the transfer performance of several RL approaches, but
the comparison is limited to transfer between different simulation environments. In
practice it is more common to transfer from the simulation to the real world robot.
Therefore, a desirable feature for future work is to implement a Sim2Real interface
to a real robotic system in safe-control-gym, for example, a crazyflie setup that is

mapped from the current quadrotor environment in Section 3.3.1.

Lastly, we also focus on bridging the gap between the RL and control communities
in developing the survey and benchmark. Safety has been one important aspect that
both RL and control approaches look into, and it has been the main topic of this
thesis. Besides, another crucial aspect is the use of priors. Priors in RL often come
in the form as past data or behavior policy, while priors in control often refers to
nominal dynamic models; despite the difference they all have nonnegligible influence
on the controller. Thus it will be another valuable direction if safe-control-gym
can be extended to benchmark the impact of priors, specifically how prior trades off

with learning data and how prior affects safety performance.
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Appendix A

3D Quadrotor Dynamics

Section 3.3.1 describes the benchmark environments in safe-control-gym, includ-
ing a quadrotor system with different degrees of freedom. Here we summarize the
configuration and dynamics of the 3D quadrotor environment to complement the en-

I yused in

vironment descriptions. Figure A.1 shows the crazyflie drone configuration
the quadrotor environment. The positive x axis corresponds to the front direction

and the motor ordering follows the crazyflie URDF in safe-control-gym.
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Figure A.1: Crazyflie diagram in the "X" configuration with motor directions and
ordering used in safe-control-gym:.

The full dynamics of 3D quadrotor is based on the shown configuration. The state

consists of the drone positions, velocities, orientations in Euler angels with respect

!The configuration figure is adapted from Bitcraze tutorial’s section "Unpacking the Crazyflie"
(https://www.bitcraze.io/documentation/tutorials /getting-started-with-crazyflie-2-x/).
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to the inertial frame and the body rates with respect to the drone’s body frame

X = [xJ y? Z? jj? y? 27 ¢7 07/(/}71)7 q? T]T'

velocities in inertial frame [¢, 9, w]T but are more concise for dynamics equations. The

The body rates can be converted to the angular

following gives a summary of the 3D quadrotor dynamics based on the work [44].

Given the rotation matrix R, from the body frame to the inertial frame, equa-

tion A.la desribes the linear equation of motion.

1 0 0 cos# 0 sinf
R.(¢) = |0 cos¢p —sineg|, Ry(0) = 0 1 0 |,
0 sing cos¢ —sinf 0 cos6
cosy) —sint 0]
R.(¢) = |siny cosvy 0|, Rop = R.(Y)R,(0)R.(9)
0 0 1]
@ [0
y| = Rov 0 (A.la)
P _Z;nTi —g

The angular dynamics is expressed in equations A.2a and A.2b, where M, is the
motor torque in body frame, [ is the quadrotor arm length and [ is the moment of
inertia. The two parameters k,,, ky are the thrust and torque coefficients satisfying
T, = kyw?, 7, = knw?, where w;, T;, 7; are the rate of rotation, thurst and torque of

the i-th motor respectively.

b 1 singtanf cos¢ptanf| |p

0| =10 coso —sin ¢ q (A.2a)
i sin ¢ cos ¢

¢ 0 cos 6 cos 6

%(T1+T2—T3—T4) P p

p
M, = \/L§<_T1+T2+T3—T4) || =T My~ |q| < T |q]) (A.2b)
T

IZ—?(T1—T2+T3—T4) r r



Appendix B

Robustness Heatmaps

Section 4.2 demonstrates the results of robustness benchmarking in safe-control-
gym, including two performance heatmaps of the trained robust baselines against
two varying types of disturbance. Despite the two, the following includes other per-
formance heatmaps with different combinations of the disturbances on the cartpole

stabilization and quadrotor tracking tasks.
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Figure B.1: Robustness performance heatmaps with varying action noise and obser-
vation noise in cartpole for each baseline.
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Figure B.2: Robustness performance heatmaps with varying pole length and action
noise in cartpole for each baseline.
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Appendix C

Augmented Environment Trajectories

As part of the benchmark results on transfer performance, Section 4.3 includes exam-
ple trajectories of the baselines’ augmented environments in target-mid cartpole. The
following shows their other example trajectories in the target-easy and target-hard

cartpole environments.

Example Trajectories
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Figure C.1: Example test trajectories with source, target and adapted environments
using a policy trained in the target-easy environment.
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Example Trajectories
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Figure C.2: Example test trajectories with source, target and adapted environments
using a policy trained in the target-hard environment.



Appendix D

MMD Similarity Metric

Maximum Mean Discrepancy (MMD) is used in Section 4.3 to analyze the quality of
learned augmented environments, specifically, it serves as a similarity metric between
the augmented environments to the reference target environment. MMD is a valid
distance metric for probability distributions and can be approximately computed
via samples from the two compared distributions p, ¢ directly as in Equation D.la.
The computation requires a continuous kernel function k(-,-) corresponding to some
feature map on the distribution samples x ~ p, y ~ ¢, which is advantageous when
the probability density functions are not given. For more detailed analysis on MMD,
refer to the work [31].

MMD?[p, ] = Eou[k(2,2)] + By [k(y, y')] — 2By [k(z, )]
~op LYKo+ 55 3T ko) = 3D k)

(D.1a)

To demonstrate how MMD is effective in quantifying the similarity between two envi-
ronments, we use the target-mid cartpole as the reference environment and calculate
its MMD with various perturbed environments. We use a Gaussian kernel and treat
each (s, a, s') transition tuple as a sample (by concatenation). The standard deviation
o serves as a tunable blur coefficient that controls the finest level of detail that should

be handled by the metric and here we use o = 10 as the default.

k(z,y) = exp(—|lz — y|[3/20%)

To derive the MMD of each augmented environment and the target environment, we
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collect 5000 samples from each (m = n = 5000) by running test trajectories with a
PPO agent trained in the target environment. Figure D.1 shows the resulting MMD
scores and it can be observed that the scores are relatively lower for environments

that are less perturbed, which does indicate a measure of environment similarity.

Distribution distance w.r.t varying Distribution distance w.r.t varying Distribution distance w.r.t varying
pole length system parameter scaling damping coefficient

- reference value --- reference value

MMD distance to reference
MMD distance to reference

02 .
0.01
- reference value 00

000 025 050 075 100 125 150 175 2.00 02 04 06 08 10 12 14 16 18 0.00 002 0.04 0.06 0.08 010
pole length (m) scaling coefficient damping coefficient

00

Figure D.1: MMD as a distribution distance to measure environment similarities. The
three plots correspond to three kinds of perturbed environments based on target-mid
cartpole: Left: only pole length changes. Mid: pole length, pole mass and cart mass
are all scaled. Right: damping is added to the cart and pole joint. The vertical dash
line represents the nonperturbed value in reference environment.
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